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Three Essays on The changes in Global Seafood Market

and Export Competitive advantage

Abstract

In the first essay entitled ‘“What drives a country’s fish consumption? Market growth phase and the
causal relations among fish consumption, production, and income growth’, we investigate the main
drivers of fish consumption growth in 96 countries over the past 50 years. We categorize the world
market for fish consumption into four growth phases: Introduction, Growth, Maturity and Decline. Each
country’s fish consumption is estimated using the growth curve model, clustered by dynamic time
warping (DTW) together with those countries sharing similar characteristics. Analyzing the relations
among the annual growth rates of fish consumption, production, and real GDP using a panel vector
autoregressive model (PVAR), we find that the main drivers of fish consumption growth vary across
the growth phases. In the introduction phase, fish consumption growth is mainly driven by the growth
of RGDP. In the growth phase, RGDP and fish production growth become the main drivers, while in
the maturity phase, these drivers do not play a significant role despite their positive coefficients.
However, in the decline phase, fish production growth generates a significantly negative impact on fish
consumption growth. Identifying the fish consumption market growth phase for policymakers would
be the first step toward devising the right policy tools before prioritizing fish consumption management

strategies.

In the second essay entitled ‘Emerging issue analysis for the seafood industry based on text mining’,
we utilize keyword analysis targeting NEWS API (80,000 news sources and blogs) to investigate
emerging issues in the global seafood industry from 2019 to 2022. While a variety of topics were
identified by year and country in the keyword analysis, in general, the seafood market function as well
as health and tariff issues were mainly mentioned in 2019, and COVID-19-related issues were primarily
mentioned between 2020 and 2021. After 2022, the role of the market is being emphasized again, and
various issues are surfacing. In order to discover emerging issues, dynamic time warping was used and
keywords that have recently become issues were derived. The growth model identified 11 representative
emerging keywords, including Urbanization, Food safety, WTO (World Trade Organization), Ketones,
Cuisines, Wastewater treatment, Seafood alcohol, Consumables, Coercion, Logistics, and Plastic
ingestion. Considering high interest in food safety, coexistence with the changing natural environment,
preparing countermeasures for trade conflict, and improving the nutritional value of seafood, a policy

response was determined to be necessary.



In the third essay entitled ‘Determinants of global seafood export’s competitive advantage based on
Porter’s diamond model, we employ Porter’s diamond model, a comprehensive and systematic national
evaluation model, to analyze the determinants of competitive advantage in the global seafood export
market. This study analyzes the determinants of seafood export competitive advantage across five
countries with a similar seafood export structure as Korea, from the period of 2000 to 2017. While
several diverse determinants have been shown to impact the competitive advantage of seafood exports,
efficiency in the form of upscaling fishing boats has a greater influence on seafood export
competitiveness than technologically advanced factors. Additionally, it was found that along with the
inflow of labor into the fishery industry, the quality improvement of products through the growth of the
domestic consumption market and environmental improvement of related industries are also important.
Finally, a key characteristic of the seafood export industry is that the government’s role is pivotal. The
government needs to consider diversifying trading partners and efforts to prevent the country from

becoming one that violates the regulations for illegal, unreported, and unregulated (IUU) fishing.
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Essay 1

What drives a country’s fish consumption? Market growth phase and the

causal relations among fish consumption, production, and income growth

Abstract

We investigate the main drivers of fish consumption growth in 96 countries over the past 50 years. We
categorize the world market for fish consumption into four growth phases: Introduction, Growth,
Maturity and Decline. Each country’s fish consumption is estimated using the growth curve model,
clustered by dynamic time warping (DTW) together with those countries sharing similar characteristics.
Analyzing the relations among the annual growth rates of fish consumption, production, and real GDP
using a panel vector autoregressive model (PVAR), we find that the main drivers of fish consumption
growth vary across the growth phases. In the introduction phase, fish consumption growth is mainly
driven by the growth of RGDP. In the growth phase, RGDP and fish production growth become the
main drivers, while in the maturity phase, these drivers do not play a significant role despite their
positive coefficients. However, in the decline phase, fish production growth generates a significantly
negative impact on fish consumption growth. Identifying the fish consumption market growth phase for
policymakers would be the first step toward devising the right policy tools before prioritizing fish

consumption management strategies.

Keywords: Strategic consumption management; Global fish consumption; Product life cycle; Dynamic

time warping; Panel vector autoregressive model

Abbreviations and Acronyms

DTW - dynamic time warping

PVAR - panel vector autoregressive model

RGDP - real gross domestic product

FAO - Food and Agriculture Organization of the United Nations
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1. Introduction

Global seafood consumption has grown rapidly, at an approximate average annual rate of 2.53%,
from 34,777 million tons in 1970 to 113,452 million tons in 2017, which is well above the world
population growth rate (1.6%, estimated by FAO, 2020). Seafood serves consumers as one of the main
sources of nutritional supply and food diversity, while serving its producers as a major source of income
(Asche et al., 2015). Accordingly, well-designed seafood consumption market policies would improve
social welfare on both sides of the market (Croxton et al., 2001; Cassivi, 2006; Walters, 2006; Zokaei
and Hines, 2007; Rodriguez et al., 2008). Moreover, for fresh and perishable goods such as seafood,
effective resource management would be one of the top priorities for policymakers (Fearne and Hughes,
1999; O’Keeffe and Fearne, 2008; Adebanjo, 2009). To achieve such goals, numerous market
management policies are put into practice, from setting up long-term sustainability goals for fishery
resources (Watson et al., 2017) to devising more short-term oriented inventory stockpiling for
natural/economic disasters and trade management (Kobayashi et al., 2015).

To establish effective seafood consumption policies, every country is highly interested in the trends
and forecasts of global seafood consumption. However, uncertainties in fisheries production, economic
cycles, and other natural events make it difficult to forecast the market, which may result in market
imbalances and sharp fluctuations in seafood prices (Coro et al., 2016). Moreover, even when the market
trend is known, establishing policies that consider all of the complex country-specific situations is
difficult due to practical limitations. Earlier literature on seafood consumption resorted to grouping
countries by geographic regions or by income level. However, such categorizations may not fully reflect
a country’s characteristics of seafood consumption. For instance, the trends in fish consumption growth
in China, Japan, and Korea are clearly different, although they are grouped in the same region. Similarly,
the patterns of fish consumption growth in Thailand and Vietnam are distinctly different, although they
are grouped together both by region and by economic development stage.!

In this study, we limit our focus to the fish consumption market. Seafood consists of a variety of

1 See Fig. 3 for fish consumption data plots from these countries. Round dots are actual data points.
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species, and each species’ consumption is measured by its weight. However, we cannot simply
aggregate the consumption of different species by adding up the weights because a ton of fish and a ton
of shellfish, for example, are not equivalent. Moreover, consumers have different perceptions about
different species of seafood in terms of safety and health awareness, which would result in different
consumption patterns along with income growth.

Our study objective is twofold. First, we seek to find a simple yet consistent way of characterizing
the long-term trend of fish consumption by country based on its stage of market growth. Second, from
the perspective of short-term policy design, we investigate the main drivers of fish consumption growth
by looking into the relations among fish consumption, production, and income growth.

Regarding our first objective, the question is whether we can find any common trend in fish
consumption around the world. Despite all the economic, geographic, and cultural differences and the
consequential disparity in seafood consumption behaviors around the world, a clear pattern can be
identified from the data (FAO, 2020). Seafood consumption in developing countries grew rapidly over
the study period, while developed countries showed an initial increase followed by a gradual stagnation
or decline, suggesting an S-shaped growth curve. Such a pattern implies that we should consider
seafood’s link to the product life cycle model.

Buzzell (1966) defines product life cycle as “a generalized model of the sales trend for a product
class or category over a period of time, and of related changes in competitive behavior.” According to
him, the model represents the sales behavior of certain products from the time such products are placed
in the market until they are removed. A product’s life cycle goes through several stages, typically
following a sequence of introduction, growth, maturity, and decline (Cox, 1967). Polli and Cook (1969)
argue that it is a good model to analyze certain markets, especially where different product forms
compete for essentially the same market segment within a general class of products. Due to its intuitive
appeal, the model has been applied to a variety of industries, including industrial goods (Cunningham,
1969); drugs (Cox, 1967); food products (Polli and Cook, 1969); and household durables and
nondurables (Buzzell et al., 1969).

Our main subject, fish consumption, seems to fit the product class described in product life cycle

14



theory.? First, it has been facing competition from various product forms in the same market segment
of protein consumption, e.g., meat, poultry, shellfish and, more recently, plant-based alternative meat
products. Second, as stated above, fish consumption data around the world suggest an S-shaped growth
path. We conceptualize the progression of a country’s fish consumption into four stages, i.e.,
Introduction, Growth, Maturity, and Decline, and unless significant innovations are made in the industry
we assume that seafood consumption will grow through these four stages. In this study, we use the
dynamic time warping (DTW) method to cluster countries with similar characteristics in their growth
stages of the fish consumption market.

Regarding the second study objective, we examine the causal relations among fish consumption,
production, and real gross domestic product (RGDP). Using a panel vector autoregressive model, we
identify the main drivers of fish consumption in a country at its market growth stage. Both fish
production and RGDP are prone to changes in climate or the economic environment at home and abroad
(Nestle et al., 1998; Myrland et al., 2000; Trondsen et al., 2003; Jang and Chang, 2014). Thus, these
influences would generate varying degrees of fluctuations in fish consumption growth, depending on
the country’s fish consumption market growth phases.

The relationship between income and seafood consumption by country has been extensively
examined in the literature (Nestle et al., 1998; Myrland et al., 2000; Trondsen et al., 2003; Jang and
Chang, 2014).2 For instance, allowing for a heterogeneous country effect for the period 1970-2006,
Jang and Chang (2014) report a positive long-term cointegrated relationship between national income
and fish consumption. They divide the sample countries by income level (developed vs. developing)
and regions (northern hemisphere vs. southern hemisphere) to discover the broader effect of income on
consumption and vice versa. However, these studies poorly reflect the fish consumption characteristics
of individual countries. Moreover, even in the same country, the results may vary depending on the
choice of sample period. This could also be true for fish production. The causal relation may go from

fish production to its consumption or vice versa, depending on the growth stage of fish consumption.

2 Smith (1986) viewed fisheries as organisms with a life cycle.
3 Nestle et al. (1998), Trondsen et al. (2003), and Myrland et al. (2000) look into the relation of seafood consumption to
household income, whereas Jang and Chang (2014) focus on national income.
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By comprehensively incorporating the three components of fish consumption, production, and income,
our study reveals how they influence one another at each stage of fish consumption market growth and
draws useful policy implications.

The rest of the paper is organized as follows. Section 2 briefly describes the models in our analyses.
Once we identify the trend of each country’s seafood consumption using several growth curve models,
the countries sharing similar growth patterns are clustered using the dynamic time warping (DTW)
technique. Then, a panel vector autoregressive (PVAR) model examines the relation between per capita
RGDP, seafood production, and seafood consumption by cluster. Section 3 explains the results of our

analyses. Section 4 concludes.

2. Materials and Methods

In this study, we identify growth trends in the fish consumption markets of 96 countries with an
average fish supply above 50,000 tons a year using annual total supply aggregated FAO data* from
1971 to 2017. Countries with a less than 50,000-ton supply are excluded because such low levels of
consumption may be prone to sharp fluctuations. For the PVAR analysis, we use the annual total RGDP
data from the World Bank and use the aggregated total fish supply and production data from the FAO
over the period between 2000 and 2017 to reflect the recent growth phase of fish consumption.® We

estimate the PVAR models at the global level and at the cluster level.

2.1. Growth Curve Model

The growth curve model is a useful tool for modeling natural and social events that involve changes

over time. For instance, Crona et al. (2020) outlined China’s projected seafood consumption and

4 Due to the absence of fish consumption data, we use the FAO’s fish supply data as a proxy, which is common in the
literature (e.g., Jang and Chang, 2014). In the FAO data, fish supply consists of fish production, inventory, and exports net
of imports.

5 All variables used in this study are in total values. In identifying a country’s fish consumption market growth phase, we
believe that it would be more appropriate to use the total values than per capita ones because it is not only the country’s
per person consumption but also its market size that matters significantly. Using the total values, we could preserve both
aspects when we cluster our sample countries. In the subsequent PVAR analysis, we maintained the use of total values to
make our variables consistent with the preceding part. We also conducted a PVAR analysis on per capita data, which did
not alter the main findings of our study. The result is available upon request.
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domestic production until 2030 using an exponential growth model. Outside the context of seafood
markets, Harris and Kennedy (1999) investigated the pattern of yield growth for major cereal crops and
found projections for supply and demand in the twenty-first century based on a logistic model of yield
growth. Nechaev et al. (2018) used a logistic curve model to demonstrate dynamic growth in the organic
food market.

In this study, we use the logistic curve model based on the adjusted determination coefficient (Akaike
information criterion, AIC) and Bayesian information criterion (BIC) (Akaike, 1974; Schwarz, 1978).
Both are standard measures of the goodness of fit to nonlinear data. Equation (1) expresses the equation

for the logistic curve

_ _ pra
(1) f(x) = a+ (1+exp{y(x-8)})#’

where « is the upper limit; 8 is the lower limit; y is the slope at the inflection point (x = §); and €

is the growth rate, which describes how quickly f(x) approaches the asymptote.

2.2. Dynamic Time Warping (DTW)

Clustering is a way to find patterns from datasets with multiple time series and to simplify such
patterns (Aghabozorgi et al., 2015). To cluster countries with similar consumption growth patterns, we
use DTW, which is often used to compare two time series. DTW can determine whether the two time
series are consistent, even if there is warping between them (Keogh and Pazzani, 1999). It also
minimizes the distance between the two series, as shown in Fig. 1, and calculates the cumulative

distance to the minimum (Miiller, 2007).
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Fig. 1. Distance between two time series
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When comparing the two time series X = (xq, X3, ***, X)) and Y = (yq, yo, =+, ¥) Wwith
lengths of m and n, respectively, DTW creates an m X n matrix and then calculates the distance
between x; and y; by (x; — yj)z. Fig. 2 illustrates the abovementioned process (Keogh and Pazzani,

1999).
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| i n

Fig. 2. Matrix relation of two time series

We use a k-medoid algorithm, partitioning around medoids (PAM) instead of k-means because the

latter is vulnerable to outliers (Kaufman and Rousseeuw, 1990; Arora et al., 2016).

2.3. Panel Vector Autoregression GMM Approach

To examine the dynamic relations among RGDP, fish production, and consumption, we use the panel
VAR GMM approach developed by Love and Zicchino (2006). The PVAR approach, while treating all
the variables in the system as endogenous as in the traditional VAR, allows for unobserved individual
heterogeneity (Love and Zicchino, 2006). To address the possible correlation of fixed effects with
regressors, we follow Arellano and Bover (1995) and employ Helmert’s procedure to time-demean and
forward-mean-difference the data. Using GMM-style instruments (Holtz-Eakin et al., 1988), we
estimate the following equation:

2 Zig =lo+ 021 + 1,2 p + fit+ew
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where z; is a three-variable vector (dRGDP, dProduction, and dConsumption); f; reflects the fixed
effect for individual heterogeneity in the levels of the variables; and e, is the error term. The GMM
estimators are known to be consistent, asymptotically normal, and efficient in the class of all estimators
that do not use any extra information aside from that contained in the moment conditions (Smith, 2011).
We took the log difference on all variables to avoid possible unit roots.

We first check the optimum lags of endogenous variables. Then, we present the results of PVAR
estimations. Next, we conduct the Granger causality Wald test and then proceed with impulse response
functions using Monte Carlo simulations for the confidence intervals, as well as forecast-error variance
decompositions. To transform our system into a recursive VAR for identification purposes, we follow

the Choleski decomposition of variance—covariance matrix residuals (Hamilton, 1994).

3. Results

3.1 Measurement of the Growth Curve Model

To find a suitable global growth model among several candidates, exponential, logistic, and
log-logistic models, we use AIC and BIC as the selection criteria, both of which provide standard
measures of goodness of fit to nonlinear data. Both criteria favor the model with the lowest values as

suitable (Szabelska et al., 2010), which makes the logistic model our top choice, as shown in Table 1.

Table 1 The values of AIC and BIC coefficients by model

Models (1970-2017)
Criterion
Exponential Logistic Log-logistic
AlC 314.7148 202.5857 203.1786
BIC 322.1996 213.8129 214.4058

For a country-by-country analysis, we focus on the logistic model. The estimated parameter values

for major countries are presented in Table 2.
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Table 2 Estimation of parameters by country according to the logistic model

_ Logistic model (1970-2017)

Region o 8 r s .
China -0.090 1.618 37.903 1990.969 2.088
East Asia Korea -0.041 -0.536 2.189 1939.446 2.940
Japan 0.202 3.858 5.731 2008.599 1.775
Indonesia -0.166 0.919 30.986 2033.454 0.429
Soxt:iia“ Vietnam 11,039 0.521 2.490 2008.878 0.108
Thailand -0.554 0.615 1.457 1991,644 0.813
Italy -0.036 0.241 1.856 2036.135 0.644
Europe France -0.047 0.530 1.879 1981.768 1.674
Spain -0.166 0.829 1.315 1987.192 3.911
A'r\'n‘;rrtir;a USA -0.554 2.002 3.923 1987.1919 0.822
South Brazil -0.185 0.711 2.241 2012.970 0.722
America Argentina -0.141 -0.004 0.2141 1966.239 1.701

Fig. 3 provides the estimated logistic model plots for the major countries. The plots clearly show
that even countries in the same region could exhibit different phases of the product life cycle, which
means that grouping by region could be misleading. For example, in East Asia, China’s market is
growing fast, while Korea’s market shows signs of stagnation after rapid growth. Japan’s market is in
anoticeable decline. In Southeast Asia, we observe similar patterns in Indonesia, Vietnam, and Thailand.
By contrast, market growth in the European countries shows an overall decline, with some differences
in trends. In South America, Brazil witnessed rapid growth in its fish consumption, while Argentina
displayed a decline in recent years.® As described above, estimating the consumption curve with the
growth model helps in evaluating individual countries’ growth phase of seafood consumption markets

for forecasting future trends.

6 Argentina’s drastic deviations around the estimated growth curve from the early 1990s throughout the 2000s could be
attributed to its economic instability as the country went through hyperinflation in the late 1980s, the convertibility plan in
the 1990s, and the Argentine crisis near the end of the century.

20



East Asia

Japan

China South Korea
Southeast
Asia
Indonesia Vietnam Thailand
Europe
Italy France Spain
Americas
USA Brazil Argentina

Fig. 3. Fish consumption by logistic model in selected countries
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3.2 Measurement of Dynamic Time Warping

We employ DTW to Cluster 96 countries with similar growth patterns in the fish consumption market.
Considering the deviations in a country’s consumption scale, we normalize the data. The number of
clusters is determined using cluster validity indices (Kim and Ramakrishna, 2005; Saitta et al., 2007;
Wang and Zhang, 2007; Arbelaitz et al., 2013; Lin, 2013; Lei et al., 2017), which suggest that three or
four clusters are suitable for our analyses.” We thus cluster the countries into four groups to represent

their fish consumption market growth phases.

Cluster 1 (Introduction) Cluster 2 (Growth)

value
value

t

Cluster 3 (Maturity) Cluster 4 (Decline)

vaiue
value

Fig. 4. Cluster members by dynamic time warping

Fig. 4 shows the normalized fish consumption paths from the sample countries clustered by their growth
phases. The bold dashed line in each panel represents the medoid time series in the cluster. The first

cluster (Introduction) consists of countries that have seen a gradual growth in fish consumption recently.

" We provide the computed validity indices in the online appendix (see Table OA2).
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The second cluster (Growth) comprises markets with a rapid increase in fish consumption. The third
cluster (Maturity) includes the markets where fish consumption displays recent slowdowns after a
gradual growth. The fourth cluster (Decline) consists of markets that have grown rapidly since 1970 but
are now declining. Under the condition that there are no special innovations to supply or demand, a
country’s fish consumption market would progress through the above four clusters. The complete list

of countries by cluster and continent is summarized in Table 3.

Table 3 List of countries by dynamic time warping

Group name Americas Asia Africa Oceania Europe
Benin, Burkina
Faso, Malawi,
Cluster 1 . Irag, Qatar, Mali,
(Introduction) Costa Rica Singapore Mozambique, Denmark
Rwanda, Sierra
Leone, Zambia
Bangladesh,
Cambodia, India,
. Angola,
Indonesia, Iran,
Cameroon,
Israel, Jordan,
; Chad, Congo,
Kuwait, Lao o
R Cote d'lvoire,
People’s Dem. Egypt, Libya Austria, France
Cluster 2 Brazil, Rep., Lebanon, gKﬁ ’eriay ' Irelana Ital '
(Growth) Colombia, Malaysia, geria, Australia rand, ftaly,
. . Morocco, Spain, Sweden,
Haiti, Mexico Myanmar, Nepal, . .
Gambia, Switzerland
Oman, Guinea, Togo
Philippines, Saudi » 1090,
. . Tunisia,
Arabia, Sri
. Uganda,
Lanka, United Zimbabwe
Arab Emirates,
Vietnam
Algeria, Congo,
Canada, Dem. Rep. of
Dominican . the, Ghana, Finland,
Republic China, Hong Gabon, Kenya New Hungary
Cluste_r 3 Ecuador, Kong SAR, _South Madagascar, Zealand, Netherlands,
(Maturity) . Korea, Pakistan, Papua New .
Jamaica, Peru, Thailand Senegal, Guinea Norway, United
United States of Tanzania, Kingdom
America United Rep. of,
South Africa
Argentina, Germany,
CIUSt?r 4 Chile, Japan, Turkey, Greece, Poland,
(Decline) Yemen
Venezuela Portugal
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3.3 Panel Vector Autoregression GMM Approach

To check the optimum lags of endogenous variables, we adopt Andrews and Lu’s (2001) model
selection criteria. We chose the first-order panel VAR model because it achieves the minimum value
BIC (MBIC) and the minimum value Quinn information criterion (MQIC). As a result, we fit a first-
order panel VAR model. Detailed results for the selection criteria are summarized in Table OA3 in the

Online Appendix.

Table 4 Panel vector autoregressive (1) coefficient estimates

Global Cluster 1 Cluster 2 Cluster 3 Cluster 4
Dependent variable: dRGDP
Independent variables
0.39%%% 027%%  0.50%%%  Q27xEx  (37%k
dRGDP L1. 0.11) (0.12) (0.14) (0.08) (0.07)
. 0.22 2001 20.02 L0.02% 0.03
dProduction L1. (0.18) (0.02) (0.04) 0.01) (0.04)
Consumntion L1 0.55% 0.03 0.08%%  0.07% 0.02
P : (0.02) (0.02) (0.04) (0.02) (0.05)
Dependent variable: dProduction
Independent variables
20.09 0.25 0.03 L0.15 20.09
dRGDP L1. (0.06) 021) (0.04) 021) (0.16)
. L027FE L021FE L010%  -048%%F  L027H
dProduction L1. (0.05) (0.07) (0.06) (0.06) (0.10)
dConsumtion L1 0.08* 0.08 2001 0.15%* 0.13
P : (0.04) (0.09) (0.05) (0.06) (0.10)
Dependent variable: dConsumption
Independent variables
0.26%%* 0.45%% 0415 0.13 0.12
dRGDP L1. (0.07) (0.19) (0.07) 0.17) (0.14)
. 0.03 20,04 0.11%% 0.04 L0.16%*
dProduction L1. (0.03) (0.08) (0.05) (0.04) (0.07)
dConsumntion L1 L0.16%%% 20.05 L0185k 27w 20.02
ump : (0.04) (0.09) (0.05) (0.06) (0.10)

Notes:
1. Heteroskedasticity robust standard errors are in parentheses.
2. *, ** and *** denote significance at the 10%, 5%, and 1% levels, respectively.
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Table 4 presents the causal relations among the annual growth rates of RGDP, fish production, and
consumption during the 2000-2017 period. The first column shows that RGDP growth increases fish
consumption at the global level, which is consistent with the findings of previous research that global
national income growth led to an increase in global fish consumption from 1970 to 2006 (Jang and
Chang, 2014). By contrast, fish production growth does not lead to fish consumption growth at the
global level. This result is not consistent with the findings of FAO (2020). This may be due to the
exclusion of small-scale fish consumer countries (less than 50,000 tons a year) and a narrow time
window that covers only the last 20 years.

Table 4 also presents the causal relations among the three variables in each cluster. In Cluster 1
(Introduction), RGDP growth increases fish consumption. In Cluster 2 (Growth), RGDP growth
increases fish consumption growth and vice versa. By contrast, fish production growth increases fish
consumption growth in a unidirectional manner. Meanwhile, in Cluster 3 (Maturity), neither RGDP nor
fish production growth generates a statistically significant effect on fish consumption growth. However,
fish consumption increases fish production and RGDP growth. This suggests that when a country’s fish
consumption market is mature, demand precedes supply. In Cluster 4 (Decline), there is a negative,
unidirectional causal relation going from fish production growth to fish consumption growth. This may
reflect the continuous decline in fish consumption in that particular phase.

Although the causality for a first-order panel VAR may be inferred from the estimated results in
Table 4, we perform a Granger causality test for robustness and summarize the results in Table 5. The
direction of causality established among RGDP, fish production, and fish consumption growth based on
the test is consistent with what is inferred from Table 4.

We also present the impulse responses and 95% confidence bands generated by 200 Monte Carlo
simulations. The orthogonalization of the VAR residuals helped us isolate the response of fish
consumption growth to a shock to fish production growth or RGDP growth. Fig. 5 shows the impulse
response functions by cluster. The response of fish consumption growth to a positive shock to RGDP
growth is positive and statistically significant at the 95% confidence interval for approximately one year

after the initial shock. In Cluster 1 (Introduction), the response of fish consumption growth to a positive
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shock to RGDP growth is positive and statistically significant at the 95% confidence interval, long after
the initial shock. In Cluster 2 (Growth), the responses of fish consumption growth to a positive shock
to RGDP growth and to fish production growth are positive and statistically significant at the 95%
confidence interval for approximately one year after the initial shock. Meanwhile, in Cluster 3
(Maturity), the response of fish consumption growth to a shock to fish production growth and RGDP
growth was not statistically significant. In Cluster 4 (Decline), fish consumption growth negatively
responds to a positive shock to fish production, and it is statistically significant at the 95% confidence
interval for approximately one year after the initial shock. This could be a result of the continuous
decline in fish consumption.® To check for robustness, we re-estimated the panel VAR by changing the

order of variables. The impulse responses and other results remain unchanged.

Table 5 Panel Granger causality results

Chi-square statistics
Equation \ Excluded Global Cluster 1 Cluster 2 Cluster 3 Cluster 4
dRGDP
dProduction 1.482 0.160 0.430 3.593%* 0.420
dConsumption|  5.359%%* 2.339 4.402%* 20.629%** 0.188
ALL 5.400%* 3.341 5.081%* 20.672%** 0.735
dProduction
dRGDP 2.026 1.372 0.505 0.502 0.330
dConsumption 3.821% 0.897 0.019 5.071%* 1.811
ALL 5.828%* 2.164 0.508 5.298%* 1.926
dConsumption
dRGDP| 13.096*** 5.461%* 38.664*** 0.580 0.633
dProduction 1.192 0.336 5.477%* 0.994 5.118**
ALL| 14.157%%* 6.300 40.087*** 1.547 5.919%
Notes:

1. Heteroskedasticity robust standard errors are in parentheses.
2. *, ** and *** denote significance at the 10%, 5%, and 1% levels, respectively.

8 The reasons for food consumption decline could be changes in demography and food preferences (as in Japan; e.g., FAO,
2015), or increases in the variety of resources for foods.
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Table 6 summarizes the results of variance decomposition for fish consumption growth.® At the
global level, variations of 2.1%, 21.5%, and 76.4% in fish consumption growth can be explained by the
variations in RGDP growth, fish production growth, and fish consumption growth itself, respectively.
At the cluster level, these rates vary greatly, depending on the country’s fish consumption market growth
phase. Throughout all phases, variations in fish consumption growth can be dominantly attributed to
shocks to fish consumption growth. Its contribution tends to increase until the fish consumption market
matures, while it sharply decreases in the decline phase. The contribution of RGDP shock increases
until the growth phase, while that of fish production shock increases from the growth to decline phase.
However, the increasing contribution of fish production shock from maturity to the decline phase might

simply reflect the decline in fish consumption during the transition.

Table 6 Forecast-error variance decompositions for fish consumption growth by cluster

Global Cluster 1 Cluster 2 Cluster 3 Cluster 4
Impulse Time (Introduction) (Growth) (Maturity) (Decline)
Response (year)

dRGDP dProd dConsm dRGDP dProd dConsm dRGDP dProd dConsm dRGDP dpProd dConsm dRGDP dProd dConsm

0.023 0223 0755 | 0.059 0376 0565 | 0.096 0152 0752 | 0.023 0.223 0.755 | 0.047 0.341 0.612
0.021 0216 0.763 | 0.080 0371 0549 | 0.186 0.135 0.679 | 0.021 0216 0.763 | 0.056 0.352  0.592
dConsm 0.021 0215 0.764 | 0.082 0370 0548 | 0199 0.132 0.668 | 0.021 0215 0.764 | 0.056 0.352  0.592

0.021 0215 0.764 | 0.082 0370 0548 | 0205 0.131 0.664 | 0.021 0215 0.764 | 0.056 0.352  0.592

a A W N

0.021 0215 0764 | 0.082 0370 0548 | 0.206 0131 0663 | 0.021 0215 0.764 | 0.056 0.352  0.592

4. Conclusions

We examined the patterns of fish consumption across 96 countries with the logistic growth curve
model and categorized them into four distinct clusters by using the dynamic time warping method.
Based on the concept of the product life cycle, the four clusters, namely, Introduction, Growth, Maturity,
and Decline, represented different stages of fish consumption growth, which helped us identify the
present and forecast the future changes in a country’s fish consumption market. After grouping countries

into the four stages, we used a panel VAR model to analyze the effects of the shocks to RGDP and fish

9 The rest of the report is in Table A4 in the Online Appendix.
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production on fish consumption at the global and cluster levels. Additionally, a variance decomposition
analysis revealed each component’s contribution to the variations in fish consumption growth at the
global and cluster levels.

Our analysis provides a few key findings. First, the results of the growth curve model for a country
can be used to predict changes in that country’s fish consumption market. Second, market clustering
can help policymakers systematically understand where their fish consumption markets currently stand
and where they are heading and guide them to strategically approach their consumption management
policies, select export destinations, and make long-term supply plans tailored to their market growth
phases. Third, the panel VAR analysis helps us identify how shocks to income and fish production affect
the growth of fish consumption in each cluster.

These findings offer several useful policy implications. For instance, consider Mozambique, a
country in the introduction phase where its fish consumption growth would be mainly driven by income
growth. Despite the abundance of seafood resources, at the current stage, fish consumption could be
more effectively stimulated if policy priority is given to macroeconomic stability and long-term
economic growth than direct subsidies for local fisheries production. By contrast, Brazil’s policymakers
may well start seeking to enhance local fisheries productivity in addition to macroeconomic
stabilization/growth policies because the country is in the growth phase, where both income and fish
production growth are the main drivers. Subsidizing local aquafarms or giving financial support for the
purchase of advanced equipment could lessen the cost barriers for startups. For a country in the mature
phase, such as Korea, it would be more appropriate to switch the focus from productivity to variety and
quality of fisheries products because income growth or increased fish production may not generate a
significant stimulus to fish consumption growth. Policymakers can promote local fisheries to develop
new product lines for variety, e.g., home meal replacement solution for the country’s rapidly increasing
single-person households, and implement safety-related certification and traceability systems for quality.
Last, a country in the decline phase, such as Portugal, could alleviate its stagnant fish consumption
problem by promoting exports to the countries in the introduction and growth phases through bilateral

and multilateral trade agreements or branding strategies for its fisheries products, along with stimulation
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plans for domestic consumption.

One may question the need for policy intervention when the market forces could sufficiently handle
any shocks to income, fish production, and consumption. However, as Love et al. (2015) estimates with
US data, a substantial portion of captured seafood—40 to 47 percent—is thrown away prior to
consumption, which implies that market forces alone may not be sufficient to achieve efficiency in
resource allocation. Policy intervention, if it is designed based on a better understanding of where
markets stand and where they are heading, not only assists consumers and industries at the country level
but also helps better preserve valuable oceanic resources at the global level.

Moreover, our approach could be applied to multidisciplinary research. A systematic understanding
of global seafood demand could assist in establishing directions for the long-term management of
seafood resources and reorganizing distributional legal systems. Despite the novelty of our approach,
there are a few caveats that merit comments for future research. First, our analysis considered a single
type of product, fish. By including a broader range of seafood resources, such as shellfish and seaweed,
in our analysis, we could help policymakers establish more realistic and systematic strategies for
consumption management. Second, our model is not explicit about the role of some known determinants
of fish consumption, e.g., prices of fish products, availability of alternative sources of protein, cultural
aspects, etc. Although our model captures the main drivers of fish consumption and their roles in each
growth phase in a fairly straightforward manner, those unexplored determinants may offer additional
information on the long-term growth and short-term fluctuations in the fish consumption market.
Additionally, such a possibility could leave our estimates subject to omitted variable bias.

Despite its limitations, we believe that our model could serve as a useful benchmark in related
research. As stated above, one direction for future research is to identify and incorporate additional
determinants of fish consumption growth, with which we can apply our analysis to a much wider variety

of scenarios for richer policy implications.
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Appendix

Al. Validation for Logistic Growth Curve

There are several competing growth curve models to fit the changes over time and to forecast
future events, such as exponential, logistic, log-logistic, Gompertz, Weibull, etc. Among them,
exponential and logistic models have been more commonly used in consumer choice or preference
literature: see, for example, Ji (2013) on durable consumer goods; Fisher and Pry (1971) on market
penetration of new technologies with logistic growth models; and Bass (1969) on new product growth
with an exponential growth model. In contrast, Gompertz and Weibull curves are more widely used for
random phenomena or natural events, such as failure of a machine; or growth of microbes, tumors, and
animals. For this reason, we opted to check for model validity with exponential, logistic, and log-logistic
growth curves. Intuitively, the S-shaped logistic function would be a better fit for our analysis,
considering the pattern of fish consumption growth data. Furthermore, AIC and BIC criteria both

pointed toward the logistic growth curve model as the preferred tool.
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Fig. Al. Logistic Growth Model of Seafood Consumption

We conducted a measurement evaluation with a holdout sample and a bootstrap resampling
evaluation on six selected countries, i.e., China, South Korea, Japan, Vietnam, Thailand, and France.
For the holdout validation, we used 1970 to 2010 data to forecast up to year 2020 and substituted the

forecast values for the actual observations from year 2011 to 2017. The results are presented in Fig. Al
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above. In each panel, round dots are the actual observations, and the small cross marks are the forecast
values. It is clear that the forecast values quite closely track the movements of the actual observations.
The solid line in each panel is a curve fitted with the actual data and the holdout forecasts combined
over the 1970 to 2017 period.

We also conducted a bootstrap resampling evaluation (999 bootstrap samples). Table A1 below
provides a side-by-side comparison of parameter estimates from the logistic growth model with the
ones from bootstrap resampling. In the table, asym is a numeric parameter representing the asymptote;
xmid is a numeric parameter representing the x values at the inflection point of the curve, and scal is a
numeric scale parameter on the input axis. For all six countries the parameter estimates from both
methods are quite close, and we believe that the results demonstrate how well the logistic growth model

performs in depicting the long-term trend of fish consumption growth in each country.

Table A1 Model evaluation (China): bootstrap resampling

China Korea Japan
Estimate BootMean Estimate BootMean Estimate BootMean
(s.e) (boot s.d.) (s.e) (boot s.d.) (s.e) (boot s.d.)
phil 37.491 37.462 2.053 2.128 5.847 5.852
(1.690) (1.998) (0.199) (0.287) (0.094) (0.105)
phi2 2000.398 2000.366 1977.823 1979.375 2022.224 2022.053
(1.107) (1.390) (3.330) (5.469) (1.413) (1.123)
phi3 9.714 9.687 16.487 17.515 -10.598 -10.544
(0.538) (0.568) (4.279) (5.142) (1.567) (1.265)
Vietnam Thailand France
Estimate BootMean Estimate BootMean Estimate BootMean
(s.e) (boot s.d.) (s.e) (boot s.d.) (s.e) (boot s.d.)
phil 9.139 11.514 1.550 1.564 2.287 2.315
(7.574) (10.321) (0.093) (0.074) (0.280) (0.300)
phi2 2032.496 2032.862 1992.147 1982.456 1992.536 1993.355
(24.433) (16.823) (1.774) (1.403) (8.468) (8.737)
phi3 18.937 18.450 9.710 9.873 33.124 32.993
(3.263) (2.281) (1.874) (1.335) (4.463) (4.261)

A2. Choice of Cluster Number

For the choice of the cluster number, we used several indices as our guidelines, and the result

is summarized in Table Al. In the table, higher values for internal cluster validity variables, Silhouette
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index (Sil; Rousseeuw, 1987), Score Function (SF; Saitta et al., 2007), Calinski-Harabasz index (CH;
Arbelaitz et al., 2013), and Dunn index (D; Arbelaitz et al., 2013), means a better performance of a
clustering method. By contrast, lower values for Davies-Bouldin index (DB; Arbelaitz et al., 2013),
Modified Davies-Bouldin index (DBstar; Kim and Ramakrishna, 2005), and COP index (Arbelaitz et
al., 2013) means a better performance. If we were to rely entirely on the index numbers for our
judgement, we could choose only 2 clusters. However, we chose 4 clusters because we did not want to
disregard too much detail and oversimplify cluster-specific characteristics by clustering 96 countries

into only 2 categories.

Table A2 Internal evaluation results from cluster validity indices

[1] [2] 3] [4] [5] [6] [7]
Sil 0.27 0.25 0.07 0.11 0.07 0.06 0.09
SF 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CH 64.95 34.32 23.05 22.30 19.46 15.19 14.30
DB 1.52 1.67 2.70 1.66 2.27 2.16 1.69
DBstar 1.52 1.85 3.63 2.62 3.60 2.97 2.55
D 0.10 0.167 0.08 0.11 0.09 0.11 0.12
COP 0.35 0.29 0.29 0.24 0.23 0.23 0.22

Notes:
1. Sil, SF, CH, and D are internal CVIs, where the higher the score is, the better the performance of a
clustering method.
2. DB, DBstar, and COP, the lower the resulting score, the better the clustering method’s performance

A3. Choice of PVAR Lag Order

Using Andrews and Lu’s (2001) model selection criteria, we checked the minimum value BIC
and the minimum value Quinn information criterion. The details of our model selection criteria are

summarized in Table A3.

Table A3 Panel VAR lag order selection for the estimation sample

Lag CD J J p-value MBIC MAIC MQIC
1 0.37 44.28 0.02 -148.2 -9.72 -61.79
2 0.32 22.0 0.23 -106.3 -14.02 -48.73
3 0.31 8.73 0.46 -55.4 -9.27 -26.62

Number of observations = 1248; number of panels = 96; average number of T = 13.

A4. Forecast-error Variance Decomposition

In order to save space, we reported only a part of the forecast-error decomposition result. Table

A4 provides the information omitted from Table 6 in the main text.
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Table A4 Full result of Table 6:

Forecast-error variance decompositions by cluster

Global Cluster 1 Cluster 2 Cluster 3 Cluster 4
Impulse Time (Introduction) (Growth) (Maturity) (Decline)
Response (year)
dRGDP  dProd  dConsm | dRGDP  dProd  dConsm | dRGDP  dProd  dConsm | dRGDP  dProd  dConsm | dRGDP  dProd  dConsm
1 1.000 0.000 0.000 | 1.000 0.000 0.000 | 1.000 0.000 0.000 | 1.000 0.000 0.000 | 1.000 0.000  0.000
2 0.969 0.000 0031 | 0996 0.000 0.003 | 0.996 0.000 0.004 | 0.969 0.000 0.031 | 0997 0.002 0.000
dRGDP 3 0.968 0.001 0031 | 0996 0.000 0.003 [ 0.996 0.000 0.004 | 0.968 0.001 0031 | 0997 0.002 0.000
4 0.968 0.001 0031 | 0996 0.000 0.003 [ 0.996 0.000 0.004 | 0.968 0.001 0.031 | 0997 0.002 0.000
5 0.968 0.001 0031 | 0996 0.000 0.003 [ 0.996 0.000 0.004 | 0.968 0.001 0.031 | 0997 0.002 0.000
1 0.017 0988 0000 | 0.017 0983 0.000 | 0.018 0.982 0.000 | 0.012 0988 0.000 | 0.024 0976 0.000
2 0.014 0977 0009 | 0.024 0973 0.003 | 0.018 0.982 0.000 | 0.014 0977 0.009 | 0.029 0959 0.013
dProd 3 0.014 0971 0014 | 0.024 0973 0.003 | 0.018 0.982 0.000 | 0.014 0971 0.014 | 0.029 0957 0.014
4 0.014 0969 0016 | 0.024 0972 0.003 | 0.018 0.982 0.000 | 0.014 0969 0016 | 0.029 0957 0.014
5 0.014 0969 0017 | 0.024 0972 0.003 | 0.018 0.982 0.000 | 0.014 0969 0017 | 0.029 0957 0.014
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Essay 2

Emerging issue analysis for the seafood industry

based on text mining approach

Abstract

Interest in analyzing emerging issues to establish preemptive fisheries policies is growing. However, in
the case of the seafood industry, it is difficult to find studies that comprehensively and systematically
analyzed these issues. Therefore, this study utilizes keyword analysis targeting NEWS API (80,000
news sources and blogs) to investigate emerging issues in the global seafood industry from 2019 to
2022. While a variety of topics were identified by year and country in the keyword analysis, in general,
the seafood market function as well as health and tariff issues were mainly mentioned in 2019, and
COVID-19-related issues were primarily mentioned between 2020 and 2021. After 2022, the role of the
market is being emphasized again, and various issues are surfacing. In order to discover emerging issues,
dynamic time warping was used and keywords that have recently become issues were derived. The
growth model identified 11 representative emerging keywords, including Urbanization, Food safety,
WTO (World Trade Organization), Ketones, Cuisines, Wastewater treatment, Seafood alcohol,
Consumables, Coercion, Logistics, and Plastic ingestion. Considering high interest in food safety,
coexistence with the changing natural environment, preparing countermeasures for trade conflict, and

improving the nutritional value of seafood, a policy response was determined to be necessary.

Keywords: Seafood, Horizon Scanning, Global Issues, Emerging Issues, Text Mining

1. Introduction

As the world changes rapidly and uncertainty about the future increases, the demand for monitoring
emerging issues is also increasing. As a result, Horizon scanning studies in the dimension of business
and public policy are being actively conducted in governments, institutions, and industries around the
world (Brown, 2009; Gersl and Hermanek, 2008; Marsden, Kelly, and Snell, 2006; Spangenberg, 2019;
World Development Indicators, 2020; Hines et al., 2021). In today's rapidly changing environment, it
does not take long for current issues to become a trend. Therefore, discovering emerging issues is an
imperative preparation task, and collection and analysis are required for this purpose.
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Although horizon scanning is being conducted in various industries, it is difficult to find literatures
where a comprehensive and systematic analysis was performed in the seafood industry. There are a few
studies focusing on specific regions and topics (M. Miraglia et al., 2009; Luis Gabriel Antdo Barboza
et al., 2018). It is also apparent that FAO (2022) proposes only COVID-19 as an emerging issue despite
the possibility that other emerging issues may exist. Therefore, a systematic and comprehensive
approach to the analysis of emerging issues seems necessary. When considering that seafood has a share
of around 37% of production value entering international trade (Natale et al., 2015), the seafood sector
needs to pay more attention to global issues than other food sectors. In other words, for the seafood
industry to operate effectively, it is necessary to identify issues comprehensively and systematically in
the global market and discover potential issues that can be preemptively responded to.

To achieve this goal, we intend to derive issues that have high external validity based on a large
amount of data sources by year, and to draw emerging issues by considering Molitor’s theory which
pays attention to the S-curve growth pattern of issues. According to Molitor (1977), the slopes of issue
curves take off slowly, then rise steeply, and finally taper off. The S-curve is useful in helping us
understand that disruption and reorder are cyclical (Rhemann, 2017). Kucharavy and Guio (2011) deal
with the application of S-shaped curves in the contexts of inventive problem solving, innovation and
technology forecasts.

Numerous studies have been conducted on this issue. For example, efforts are being made to perform
keyword analysis on journals, reports, and internet articles (Krigsholm and Kirsikka, 2019; Bai et al.,
2021; Schumalz et al., 2021; Hase et al., 2021). In order to predict keyword trends, various model such
as OLS (Valvizhi et al., 2021) or machine learning (Kurian et al., 2020; Sharma et al., 2018) are used.
The process of deriving emerging issues using computer algorithms is transparent, allowing individual
researchers’ prejudices or specific intentions to intervene (Wang, 2018; Wever et al., 2002). The study,
Javier Carbonell et al. (2015) proposes utilizing the general Web as a source of information (i.e., by
means of the Google search engine) while checking if the keywords of interest, such as 3D printing and
wearables, follow an S-curve.

This study reflects these research trends, expands the intellectual realm of issue analysis, and
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simultaneously attempts to reveal major issues in the seafood sector. To this end, articles related to the
seafood industry are extracted via the NEWS API, which has more than 80,000 news and blog sources,
and issues that received attention are investigated by year. As a follow-up, we consider the S-shaped
growth pattern of the issue, extract keywords that have recently received attention, and examine the

trends of the keywords through the growth model to determine its value as an emerging issue.

2. The Method

2.1 Research framework

This study traced the frequently mentioned keywords from global news articles to identify emerging
issues in seafood consumption. The study is based on the premise that global news articles contain
emerging issues of seafood consumption that social, economic, and political events have influenced.
Furthermore, news articles are considered structured documents that can be utilized as refined sources
of opinion mining or topic modeling. Owing to the usefulness of news articles, the keywords included
in them are more likely to become crucial sources of emerging trends.

As presented in Fig 1, the detailed process comprised four steps: (1) data collection and
preprocessing, (2) extracting associated keywords, (3) quantifying dominant issue keywords, (4)
identifying emerging patterns of dominant issues, and (5) decision for emerging issue candidates. The

following sections provide detailed explanations on each sub-step
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[ Step 1. Data collection & Preprocessing ]

= News articles from the NEW API

= Advanced searching with initial keyword inputs

[ Step 2. Extracting associated keywords ]

= Text mining technique (Tokenization, POS-tagging)
= (Candidate corpus of emerging issues

[ Step 3. Quantifying dominant issue keywords ]

=  4-year time frame (2019-2022) :
* Major countries from each continent (America, Europe, Asia)
= Frequency tables, Word cloud :

"

= Dynamic Time Warping
= Clustering growth patterns of emerging issues

X

[ Step S. Decision for emerging issues candidates ]

= Growth curve models
= (Calculating timing of emerging issues

Fig. 1. Research Framework

2.2 Text Mining (Keyword analysis)

2.2.1 Data collection and preprocessing

We extracted global news articles from News API, which provides current and historical news
articles published by over 80,000 worldwide sources. This API offers advanced search parameters that
can confine the scope of news content. We constructed the initial keyword input to filter out unrelated
news articles. The initial keyword input included seafood and names of countries that affect overall
seafood import/export. With these keyword inputs, we could confine the news articles’ titles and
contents regarding the seafood domain. Through this advanced search process, we collected 70,000
news articles. Since not all news articles were about seafood, we eliminated less related data by

eliminating articles containing unrelated terms in their titles.

42



2.2.2 Extracting associated keywords

With the news article source, in this step we extracted associated keywords that become candidate
corpus for emerging issues. To do so, we tokenized every sentence using the python text processing
programs that we created. The tokenization started with slicing paragraphs into sentences and
converting the sentences into a set of words. Each word could be a noun, verb, adjective, adverb, and
other word forms. As people usually understand the news article’s content by looking at noun
terminologies, we focused on noun terms to extract associated keywords. As the noun terms could be
constituting two or more words, we also extracted bigram and trigram as a form of noun terms (e.g.,
food market, protein ingredients). Finally, we constructed a noun keyword set that could be a candidate

corpus of emerging issues.

2.2.3 Quantifying dominant issue keywords
In this step, we constructed keyword frequency tables by year and county based on associated
keywords from the previous step. As we aimed to identify recent emerging issues, we quantified yearly
keywords in the past four years. We assumed that a four-year time frame could sufficiently capture
emerging issues and the changes in them. The frequency tables were expected to provide the dominant
topics and explain how the focus of dominant topics varied with time. We visualized the frequency table

as word clouds to understand the dominant keywords that had emerged recently.

2.3 Emerging Issus Analysis

2.3.1 Identifying emergence patterns of dominant issues

We employed dynamic time warping (DTW) to cluster curve-fitted keywords with similar growth
patterns. This is not only to determine if the frequency of keywords follows an S-curve growth pattern,
but also to classify many keywords at once. The DTW can determine whether two-time series are
consistent, even if there is warping between them (Keogh and Pazzani, 1999). It also minimizes the

distance between the two-time series (Fig. 2), and calculates the cumulative distance to the minimum
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(Miiller, 2007).
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Fig. 2. Distance between the two-time series

When comparing two-time series, X = (x4, X3, ***, xp) and Y = (¥4, yo, -+, Yn), with lengths
of m and n, respectively, DTW creates an m X n matrix and then calculates the distance between x;

and y; by (x; — yj)z. Fig. 3 illustrates the above-mentioned process (Keogh and Pazzani, 1999).

| i n

Fig. 3. Matrix relation of two-time series

We used a k-medoid algorithm, partitioning around medoids instead of k-means because the latter is
vulnerable to outliers (Arora and Varshney, 2016; Kaufman and Rousseeuw, 1990). Through the DTW,
we identified the appropriate number of significant themes of emerging issues in seafood. Specific

emergence patterns were expected to reveal the rapidly changing seafood consumption issues and trends.

2.3.2 Decision for emerging issues candidates
We calculated the growth curve of each dominant keyword based on their monthly mention
counts. To reduce the volatility of the monthly counts, we also calculated another growth curve by using
the accumulated mention count of each dominant keyword. The growth curve-fitted issues provided

essential clues on the emergence time of each dominant issue keyword. Through this process, we were
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able to select keywords that should be given the highest priority among emerging issue candidates
derived through DTW. The growth curve models are a useful tool for modeling natural and social events
that involve changes over time (Han et al., 2022). In particular, the logistic growth model is helpful in
discovering the s-curve growth pattern of a specific event. Therefore, in this study, it is used to
understand the individual growth trends of expected major emerging keywords. Eq. (1) expresses the

equation for the logistic curve.

_ B-a
f) = a+ (1+exp(y(x—8)))¢ (1)

where a is the lower limit, B is the upper limit,  is the inflection point of the curve, and vy is the slope

at the inflection point (x = )

3. Results

3.1 Word cloud

3.1.1 World

By analyzing issues using word clouds based on frequency analysis, it can be seen that various issues
have been mentioned in the global seafood industry. In addition to keywords related to the efficacy of
seafood, various keywords such as fish species, tariffs, cooking styles and disease issues such as
COVID-19 are being used. However, it can be seen that there are differences in major issues by year.

There was a lot of interest in the keywords Health and Tariff in 2019, and especially, the keyword
Tariff received a lot of attention compared to previous years. The main reason for this is that as a result
of the aftermath of the US-China trade dispute, the conflict between the two countries led to the
imposition of tariffs on seafood. Furthermore, related keywords, such as protein and diet, which are
associated with the efficacy of seafood are at the top. In addition, products such as shrimp and salmon,
which are commonly consumed aquatic foods, are also at the top. Additionally, not only did the types
of seafood dishes such as soup and sushi draw attention, but also issues such as sustainability.

During 2020, the Coronavirus outbreak and spread were in full swing, and therefore the global issue

was heavily dominated by Coronavirus. Although the word Coronavirus was being mentioned most
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often, various keywords have been derived from the issue. For example, the Huanan seafood in Wuhan,
which was designated as the epicenter of the Coronavirus, and the SARS and Ebola epidemics in the
past were also mentioned. Lockdowns, scanners, and precautions against Coronavirus issues were also
discussed.

Coronavirus issues continue to be discussed in 2021. For example, due to the blockade of major
logistics hubs and delays in shipping, there were many issues related to logistics and distribution
channels. Also, in 2021, it was noted that issues related to the environment were mentioned again. This
is because the number of articles dealing with plastic consumption has increased as the use of plastic
has increased due to the spread of COVID-19 from 2020. One more thing to consider is food safety
issues are also mentioned a lot. However, we need to be aware that food safety keywords are being used
with two meanings. First, it means that food is safe, meaning that it is not harmful to health. This
meaning is mainly found in articles that emphasize safe and healthy food in connection with trade or
consumption. Second, it is also used to indicate food security in connection with the national food self-
sufficiency rate and distribution channels. It is analyzed that the keyword has been re-evaluated as
interest in food self-sufficiency and stable food supply has increased due to disruption of the food supply
chain due to the prolonged outbreak of Coronavirus. Overall, it was found that the meaning of safety
from food hazards was explored more.

In 2022, a change in ranking was found for the leading keywords. The Coronavirus, which had held
the top spot for two years, was pushed to the fifth place. Keywords that had taken the top spot before
the Coronavirus outbreak, such as health, food market, and protein, took the top spot again. This paper
analyses the issue-making process as it passes through a transitional phase, like the issue of aquatic food
rising as interest in the issue eroded by the Coronavirus declines over time. Meanwhile, in 2022,
wastewater treatment has emerged as a notable issue. There have been a few papers that suggest
solutions to the pollution of the marine environment caused by the discharge of sewage and wastewater
from factories and restaurants, and the resulting wastewater treatment solutions. Sewage and wastewater
treatment keywords are mainly searched together with environmental keywords such as sustainability

and plastics. There was a growing interest in countermeasures.
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Fig. 4. Word cloud for top 200 words in entire sample

3.1.2 Country

The analysis was also conducted by country in consideration of the different country-wise issue
trends. In China, tariffs received the most attention in the aftermath of the US-China trade dispute,
followed by health and protein related to health functions in 2019. In 2020, due to the outbreak of
COVID-19, Coronavirus and health were mentioned a lot. Moreover, the lockdown to prevent the
spread of COVID-19 and SARS, a similar epidemic, was mentioned together. In 2021, as the impact of
COVID-19 continued, keywords such as health and Coronavirus, similar to those of the previous year,
drew attention. Meanwhile, in the second half of 2021, due to disruptions in logistics and supply chains
caused by COVID-19, logistics also drew attention. In 2022, as the perception of aquatic food changes,
interest in food safety and sustainability in addition to health functions increased. In addition, due to
the deepening of the logistics crisis caused by the Russia-Ukraine war, logistics was often mentioned.

In Japan in 2019, various keywords such as Health, Shrimp and Salmon, Sushi, and Ramen were
used in relation to seafood. This seems to reflect the major consumer fish species in Japan and the food
culture of Japan. In 2020, due to the outbreak of COVID-19, keywords related to Coronavirus were
mainly mentioned, and interest in disinfectants was also high. In 2021, major consumer fish species
such as salmon and tuna were frequently mentioned, which seems to be due to the recovery of consumer
sentiment following adaptation to COVID-19. Meanwhile, as the plan for the discharge of contaminated
water from the Fukushima nuclear power plant was decided, related keywords such as wastewater and
Tokyo Electric Power Corporation (TEPCO) drew attention. In 2022, a trend similar to that of the

previous year continued. However, the need for a cold chain system, a distribution method, was
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highlighted due to the logistics disruption caused by the recovery of the global economy after Corona
19. Accordingly, keywords such as logistics and refrigeration facilities (Coolers, Refrigeration) drew
attention.

In 2019, the keywords in Korea were tariffs due to the US-China trade war and the RCEP agreement,
and K-contents such as Mukbang (Internet fad that finds viewers watching food) and Health drew
attention. Contaminant markets have been mentioned frequently, and it seems that interest in them has
grown as the Japanese government discusses ways to treat contaminated water. In 2020, similarly, due
to the impact of COVID-19, related keywords were mainly cited. In 2021, keywords such as health and
protein received attention due to the prolonged COVID-19, In addition, keywords related to logistics
received attention in the aftermath of the logistics crisis. In addition, keywords such as wastewater,
TEPCO, and radionuclides were mentioned as the Fukushima-polluted water discharge into the ocean
was officially decided. In 2022, interest in health continued, and health and protein were mainly
mentioned. In addition, as the discharge of contaminated water from the Fukushima nuclear power plant
was imminent, keywords related to food safety and wastewater treatment drew attention.

As for Thailand's keywords, in 2019, soup related to Thai food culture was mentioned the most, and
snacks that can be easily consumed were also mentioned frequently. In addition, interest in health and
sustainability was high. In 2020, like other countries, keywords related to COVID-19 were mainly
mentioned, and attention was also paid to Disinfection and Precautions. Due to the prolonged COVID-
19, health and Coronavirus received more attention in 2021, however it was evident they were adapting,
as mentions of shrimp and tuna were frequent. In addition, as interest in food safety and sustainability
increased, the number of mentions thereof also increased. In 2022, health and protein were mentioned
the most, and interest in the fishmeal market was high. This appears to reflect expectations for the
recovery of the seafood processing industry as the spread of COVID-19 subsided. Also, due to an oil
spill accident on the eastern coast of Thailand in January of this year, the keyword (oil spill) drew
attention.

In 2019, Vietnam recorded the highest customs import due to free trade agreements such as

Comprehensive and Progressive Partnership for the Trans-Pacific Partnership (CPTPP). As a result,
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related keywords such as tariffs and the Vietnamese currency unit (VND) received a lot of attention.
Logistics was also frequently mentioned. In 2020, due to the outbreak of COVID-19, relevant keywords
such as Coronavirus and health were mainly mentioned, and keywords pertaining to disinfection
(Disinfection, Disinfectant) also drew attention. Health and Coronavirus attracted attention in 2021, but
interest in major fish species such as tuna, shrimp, and tilapia increased. In 2022, like the previous year,
various keywords related to aquatic food such as soup, shrimp, and tuna appeared. As interest in
wastewater treatment increased, the keywords rose rapidly. This seems to have drawn attention to
wastewater treatment methods as the perception of responsibility for environmental protection and
fishery wastewater treatment in Vietnam has changed.

Shrimp was mentioned a lot in Indonesia's seafood related keywords in 2019 because Indonesia is a
representative shrimp farming country along with India and Thailand. In relation to health, unlike other
countries, interest in salt content was high. In addition, along with the interest in sustainability, caviar
substitutes also drew attention. Due to COVID-19, the keywords in 2020 were mostly Coronavirus and
health. In 2021, as the COVID-19 recovery trend began, keywords related to health received attention,
and in particular, specific ingredients such as polyunsaturated fatty acids and protein were brought up
together. In addition, as food safety received attention, interest in the pasteurization market increased
in this regard. In 2022, the smoke market, shrimp paste, and seafood processing were mentioned along
with the food market. In addition, as interest in wastewater treatment increased like in Vietnam,
keywords for wastewater treatment were mentioned a lot.

In 2019, when the French government declared carbon neutrality, it paid attention to the keywords
related to greenhouse gas reduction (Capita emissions). In addition, like other countries, tariffs and
health were mentioned. Due to COVID-19's impact in 2020, keywords for COVID-19 were mainly
mentioned, but interest in food processing such as the food market, food processing, and food
automation increased. Throughout 2021, COVID-19 related terms were frequently mentioned. However,
as the economy gradually recovered, keywords for health such as supplements market drew attention.
In 2022, it has been shown that seafood is attracting attention as ketogenic foods in relation to health.

In addition, as interest in food safety and wastewater treatment increased, the keyword was frequently
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mentioned.

Looking at the keywords related to seafood in Italy, in 2019, health related keywords such as health
and diet were mentioned a lot, and as interest in the environment rose, plastic also drew attention. In
2020, due to the impact of COVID-19, Coronavirus, health, and SARS were mainly mentioned.
However, like France, attention was paid to food processing such as the food market, food processing,
and food automation. In 2021, interest in Coronavirus was high, but as interest in health and food safety
spiked, so did mention of it. In addition, various keywords such as salmon, protein, sugar, and acidity
were mentioned as the impact of COVID-19 recovered faster than in emerging countries. In 2022, while
the mention of Coronavirus decreased, interest in distribution channels and logistics increased due to
logistics difficulties. Interest in health, protein, and food safety was still high, and as the importance of
environmental conservation and resource management increased, the mention of sustainability and
wastewater treatment increased. On the other hand, seasonings such as garum (fish sauce), a fish sauce
used in ancient Greece and Rome, received attention.

The most popular Spanish keywords in 2019 were health related, such as health and diet, as well as
the main fish species, Octopus, Shrimp, and Tuna. In addition, interest in BoPET, a kind of packaging
material, was high, and it seems that fresh food packaging materials related to this have received
attention because fresh fish is the preferred form of seafood for Spanish consumers. Like other countries,
COVID-19 and associated keywords were frequently mentioned in 2020. In 2021, as the economy
recovered, keywords connected to health such as fat and protein appeared frequently. In addition,
keywords related to logistics were highlighted due to the logistics crisis following the recovery of
consumer sentiment. In 2022, like 2019, various keywords such as health and major consumption fish
species appeared. As the logistics crisis continued in 2022, related keywords such as logistics and
distribution channels were constantly mentioned. In addition, interest in sustainability has steadily
increased from 2019, and attracted more attention in 2022.

In the United States in 2019, keywords such as health, diet, and fat received attention as keywords
related to seafood. Food additives were also mentioned. On the other hand, unlike other countries,

interest in vegetarianism was high. In 2020, like other countries, the focus was mostly on Coronavirus,
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health, and SARS due to the impact of COVID-19. In 2021, as the perception of resource management
and environmental pollution issues changed, keywords such as sustainability and plastic rose rapidly.
In addition, as consumer sentiment recovered, it was seen that various fish species such as salmon,
squid, and tuna were mentioned. After Russia's invasion of Ukraine in 2022, economic sanctions against
Russia led by the United States were imposed, and tariffs drew a lot of attention as the United States
deprived Russia of its most-favor-for-trade treatment. In addition, several related keywords such as the
President of Ukraine (Zelensky), Belarus, Russia, MFN, and sanctions appeared.

As keywords related to seafood in Canada in 2019, health, shrimp, salmon, and protein were
mentioned in various ways. As interest in environmental pollution increased, related keywords such as
plastic were mainly mentioned. In addition, as the CPTPP came into effect on December 30, 2018, in
which six countries including Japan, Australia, and Canada participated, tariffs drew attention. In 2020,
due to the impact of COVID-19, associated keywords such as Coronavirus and health were mainly
mentioned. As the economy recovered after COVID-19, major consumer fish species, such as salmon
and cod, again ranked at the top in 2021 in addition to health. Various keywords were noticed. The year
2022 was frequently mentioned with keywords related to health and environmental conservation.
Meanwhile, as the logistics supply chain crisis continued during the economic recovery phase, logistics-

related keywords such as distribution channel and logistics were mentioned.
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3.2 Dynamic Time Warping (DTW)

We employed DTW to cluster various keywords with similar growth patterns in order to discover
emerging issues based on S-curve growth pattern of Molitor’s theory. This was to technically classify a
number of keywords through statistical technique rather than arbitrarily classifying them by researchers.
The data were normalized to focus on the growth pattern of issue. For the choice of the cluster number,
we used several indices as our guidelines, and the result is summarized in Table 1. In the table, higher
values for internal cluster validity variables, Silhouette index (Sil; Rousseeuw, 1987), Score Function
(SF; Saitta et al., 2007), Calinski-Harabasz index (CH; Arbelaitz et al., 2013), and Dunn index (D;
Arbelaitz et al., 2013), means a better performance of a clustering method. In contrast, lower values for
Davies-Bouldin index (DB; Arbelaitz et al., 2013), Modified Davies-Bouldin index (DBstar; Kim and
Ramakrishna, 2005), and COP index (Arbelaitz et al., 2013) means a better performance (Han et al.,
2022). We do the same analysis by converting the monthly data to cumulative in the same way. In
conclusion, it was determined that four clusters were suitable when using monthly data and three

clusters when using cumulative data.

Table 1 Internal evaluation results (Monthly)

[1] [2] [3] [4] [5] [6] [7]

Sil 0.20 0.10 0.11 0.12 0.11 0.10 0.10
SF 0.00 0.00 0.00 0.00 0.0 0.00 0.00
CH 54.12 40.35 34.09 30.09 20.66 20.78 19.31
DB 1.59 2.19 2.09 1.41 2.12 1.49 1.58
DBstar 1.59 2.78 2.82 1.79 2.77 1.80 217
D 0.17 0.12 0.08 0.07 0.07 0.03 0.08
COP 0.50 0.46 0.44 0.42 0.41 0.40 0.38

Table 2 Internal evaluation results (Cumulative)

[1] [2] (3] [4] [5] [6] [7]
Sil 0.34 0.45 0.47 0.40 0.26 0.27 0.23
SF 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CH 96.67 84.85 76.38 64.62 48.17 35.34 39.75
DB 1.02 0.82 0.71 1.44 1.30 1.53 1.33
DBstar 1.02 0.98 0.91 1.80 1.93 2.12 2.13
D 0.03 0.04 0.08 0.09 0.00 0.06 0.05
COP 0.29 0.17 0.12 0.12 0.11 0.12 0.10
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Fig. 9 shows the normalized frequency of keyword from the sample keywords® clustered by

monthly data. The bold dashed line in each panel represents the medoid time series in the cluster. The

first cluster (Periodical Issues) consists of keywords that have been seen periodically, especially before

Corona issues. The second cluster (Corona Issues) includes keywords with an increase in frequency

once the Corona issues occur. The third cluster (Post Corona Issues) includes the keywords with a rapid

increase after Corona issues. The fourth cluster (Emerging Issues Candidates) is the composition of

keywords that has recently been attracting attention, and can be seen as a candidate group for emerging

1Ssues.

Cluster 1

Cluster 2

5
VRS

Fig. 9. Cluster members by dynamic time warping (Monthly)

Fig. 10 displays the normalized frequency of keyword from the sample keywords clustered by

cumulative data. The first cluster (Corona Issues) refers to a set of keywords that have increased in

frequency significantly due to the Corona outbreak but have not increased in frequency recently. The

second cluster (Issues of constant interests) corresponds to the set of keywords with a steady frequency

10 The sample keywords targeted the top 50 by year, and keywords that did not overlap by year were added and

used.



from 2019 to 2022. The third cluster (Issues of recent interest) refers to a set of keywords that were not

mentioned much at the beginning, but have been mentioned more frequently in recent years.

Cluster 1 Cluster 2

Cluster 3

Fig. 10. Cluster members by dynamic time warping (Cumulative)

The list of keywords by cluster is summarized in Table 3. In cluster 1, keywords that receive regular
attention as well as types of seafood such as tuna and cod are the centerpiece. In the case of Cluster 2,
as the Corona issues occurred, the epicenter of the Corona outbreak and related diseases in the past are
mainly mentioned. In Cluster 3, keywords related to lockdown and logistics problems caused by the
Corona issues are being mentioned. Cluster 4 focuses on keywords that are currently receiving the most
attention, and these keywords are potential candidates that can become emerging issues at this time.
Table 4 is a list of keywords classified based on accumulation. Except for cluster 1 related to the single
Corona issue, the keywords included in clusters 2 and 3 are expected to be identified as potential
emerging issue candidates. In conclusion, we will be able to select keywords that are of recent issues
(cluster 4) on a monthly basis and that have received steady (cluster 2) or recent attention (cluster 3) on

a cumulative basis as major candidates that can become emerging issues in the future.
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Table 3 List of keywords by dynamic time warping

Group name Keywords
Cod Diets Ecohealth Fats
Market_analytics Meat_market Meat_seafood Octopus
(Igétjisc;[szcz | Oysters Ramen Retaliation Seaweed
Issues) Snack Suputermarkets Sustainability Swine_fever
Tariffs Tastes Tuna Vegan
Warehouses Wastewater
Acidity Airlines_flight Animal_market Arrivals
Beverages_market Corona Coronavirus Disinfectant
Ebola Ecohealth Epicentre Epidemiology
Cluster 2 Evacuees Gene Health Huanan_Market
(Corona
Issues) Huanan_seafood Hygiene Kazakhstan Meat_poultry
Pathogen Precautions Prevention_cdc SARS
Scanner Seafood_market Soup Thai
Wenliang Wet_markets
Automation_market Britons Ccp Changing
Channel Circumstance Contact_Kkissing Diet
Disinfection Dogs_cats Escalation Examinations
Fatality Ingestion Insides Lockdown
Cluster 3 Logistics Market_segmentation Milder Missteps
(Post Corona
Issues) Pigs_chickens Plastic Protein Protein_market
Salad Saliva Salmon_market Scans
Severity_spectrum Spillover Sugar Syndrom_SARS
Taxonomy Trade_agreement Vibrio_vulnificus Virologist
Virology Vitamin Whcdc
Caries Caviar_substitutes Coercion Consumables
Cuisines EPU Fishmeal_market Flight_catering
Cluster 4 Food_processing Food_Safety Grail Greenfield
(EE:L:g'Sng Ketones Logistics_market Market_insights Meals_market
Candidates) Packer Plastic_ingestion Poacher Rotort_pouches
Salmon Seafood_alcohol Squid Sushi
Trade_duration Urbanization Wastewater_treatment WTO
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Table 4 List of keywords by dynamic time warping

Group name Keywords
Airlines_flight Animal_market Britons Changing
Circumstance Contact_kissing Corona Coronavirus
Disinfectant Disinfection Dogs_cats Ebola
Cluster 1 Epicentre Evacuees Examinations Fatality
(Corona Health Huanan_seafood Hygiene Insides
Issues) Kazakhstan Lockdown Milder Pigs_chickens
Prevention_cdc Saliva Sars Scanner
Scans Seafood_market Severity_spectrum Swine_fever
Taxonomy Vibrio_vulnificus Wenliang Wet_markets
Acidity Avrrivals Ccp Channel
Cuisines Diet Diets Ecohealth
Epidemiology Epu Escalation Fats
Fishmeal _market Flight_catering Food_safety Food_processing
Gene Huanan_market Ketones Logistics
Logistics_market Market_analytics Meals_market Meat_seafood
Cluster 2 Octopus Oysters Pathogen Plastic
(Issues of - —
constant Protein Ramen Retaliation Salad
interest) Salmon Salmon_market Seafood_alcohol Seaweed
Snack Soup Squid Sugar
Supermarkets Sushi Sustainability Tariffs
Tastes Thai Trade_agreement Trade_duration
Tuna Urbanization Vegan Virologist
Virology Vitamin Warehouses Wastewater_treatment
Wto
Automation_market Beverages_market Caries Caviar_substitutes
Coercion Consumables Food_market Geographies
(Cllluster 3f Grail Greenfield Ingestion Market_breakup
ssues 0
recent Market_insights Market_segmentation Meat_market Meat_poultry
interest) Missteps Packer Plastic_ingestion Poacher
Protein_market Retort_pouches Spillover Wastewater
Whcdc
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3.3 Growth Model

For emerging issue candidates derived from DTW, we once again look at how often individual
keywords are mentioned. This is to identify keywords that are likely to become issues among the final
potential candidates. We used a logistic growth model that can capture the S-curve growth pattern. In
choosing keywords, we considered the frequency of issues, excluding market research reports and
advertisements, etc. Urbanization, food safety, the World Trade Organization (WTO), Ketones, Cuisines,
Wastewater treatment, Russia-Ukraine-related import ban (Seafood alcohol), Consumables, Coercion,

Logistics market and Plastic ingestion could be selected.

Caries

Caviar_substitutes

Coercion

Consumables

Cuisines

EPU

Fishmeal _market

Flight_catering

Food_processing

Food_Safety

Grail

Greenfield

Ketones

Logistics_market

Market_insights

Meals_market

Packer

Plastic_ingestion
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Rotort_pouches
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Salmon Seafood_alcohol Squid Sushi

Trade_duration Urbanization Wastewater_treatment WTO

Fig. 11. Keyword trend by logistic growth model in cluster 4

In the case of ‘Urbanization,” it was classified as an emerging issue because the frequency of
keyword exposure increased significantly in March 2022. However, it has been used in various ways
over the years. In 2019, urbanization was dealt with in relation to the growth of the processed seafood
industry and the e-commerce market due to demographic and socioeconomic changes. In 2020, with
the advent of COVID-19, concerns about the impact of environmental pollution due to urbanization
began to appear as habitat damage such as bats due to deforestation was suggested as the cause of the
outbreak. In 2021, keywords in terms of eco-friendly packaging and environmental protection for
alternative meat and cultured meat will appear together. In addition, as environmental pollution due to
rapid urbanization is mentioned as one of the causes of the global food crisis, which is seriously
emerging in 2022, concerns about the impact of environmental pollution due to urbanization after
COVID-19 are intensifying.

Interest in ‘food safety’ issues is on the rise. As the global food market opening, the importance of
food safety such as hygiene and quarantine when importing seafood emerged in 2019. In this regard,
the issue of concerns about the import of seafood produced in the nearby waters was mentioned. Issues
related to food safety have seen a significant increase in the number of mentions, after the outbreak of
COVID-19 in 2020, which is interpreted as concerns about food safety have intensified since the
outbreak of COVID-19 in China. In particular, there were issues that emphasized safety concerns about
food made in China, where COVID-19 first occurred, and awareness of food safety and hygiene

standards. This shows that consumer interest in food safety has increased. As this trend continues, in
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2022, issues highlighting the need for food safety management in the post-corona era have increased.
In particular, in addition to concerns about the possibility that food hygiene and quarantine may act as
a non-tariff barrier in exporting seafood, keywords such as substitute meat, cultured meat, and
alternative protein, which have been in great demand in terms of ethical aspects, are attracting attention
in terms of food safety. These food safety issues are highly likely to act as non-tariff barriers to export
fishery products for each government's protection of their own industries as tariff barriers are removed
through large FTAs in the future.

As each country's market is opened and free trade is established, the WTO, which manages and
supervises global trade relations and agreements, becomes increasingly significant. In particular, as
trade between countries increases, trade issues and disputes also increased, along with WTO-related
issues. Specific examples where the WTO has been mentioned in terms of seafood related issues include
the 2018 US-China trade war, the 2019 WTO determination of agreement on Japanese food import
control measures, and the 2020 Brexit-related EU-UK future trade agreement. In particular, in 2021,
the mention of the WTO increased when the Australian government requested the WTO to establish a
dispute resolution subcommittee in relation to the imposition of additional tariffs on Australian barley
from China. The mention of the WTO, which showed a continuous increase, showed a significant
increase in 2022 as well. In recent years, as protectionism has expanded in the international community,
the function of the WTO is being threatened. This protectionism trend is expected to intensify due to
the Coronavirus pandemic, the Russo-Ukraine war, and the global food crisis, so it is necessary to
prepare a preemptive countermeasure against trade barriers that are expected to be strengthened in the
future.

As interest in health increases around the world, related issues are also expanding. In addition, as
awareness on healthy diet and nutrition increases, issues related to ‘ketones’ are also being mentioned.
Specifically, as the 'low carb, high fat, protein' trend is gaining popularity, mention of the ketogenic diet,
a representative low carb diet with a focus on a diet using seafood, a healthy protein source, has
continued to rise. In March 2022, a modified version of the ketogenic diet, called the bulletproof diet,

became popular, and the mention of ketones seems to have increased. As health and well-being are
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positioned as essential values for food consumption, led by the younger generation, a strategy that meets
this demand for “value consumption” is expected to be essential for industrial revitalization. In addition,
as interest in seafood that is helpful for healthy eating has increased, ‘recipes’ for consuming them have
been steadily gaining attention. It is expected that we need to pay attention to how we consume seafood.

Aside from wastewater, which is discussed periodically, interest in wastewater treatment is
increasing. The keywords that were sporadically mentioned in the 2019-2020 international
environmental group Greenpeace as they raised the risk of increasing Fukushima pollution and
announced the report (The reality of the Fukushima radioactive water crisis) were the official decision
to discharge contaminated water through the. Then, in February 2022, the International Atomic Energy
Agency investigation team visited the site to verify the safety of the Fukushima Daiichi Nuclear Power
Plant's offshore discharge plan, and articles related to the protest movement of the Fukushima area
residents after the visit were frequently mentioned. Historically, most issues related to the treatment of
contaminated water have been related to Fukushima, Japan. Recently, however, an issue relating to
water pollution at a seafood processing facility has also been considered with increased awareness of
environmental pollution.

In March 2022, President Joe Biden issued an executive order blocking U.S. import of key Russian
products, including ‘seafood and alcohol’ such as vodka. The U.S. trade sanctions against Russia are a
major measure that could affect the world’s seafood supply chain.

The keyword ‘Consumable’ was mainly used when it was related to conflicts and conflicts between
countries. As a trade dispute between China and Australia arose in 2020 due to the impact of COVID-
19, reports on the impact of the trade dispute on consumer goods such as beef, wine and aquatic products
increased. Since then, issues related to the impact on exports of consumer goods to China due to the
U.S.-China trade dispute and China's lockdown measures due to the spread of COVID-19, as well as
disruptions in the supply and demand of other consumer goods such as fresh food and milk, have been
mentioned as key keywords. Similarly, the keyword 'coercion' is also mentioned when a trade dispute
occurs in different countries. The trade dispute between China and Australia in 2020 led China to impose

sanctions on Australian fruits and aquatic products. As a result, we can clearly see that non-tariff barriers
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between countries are on the rise.

Keywords pertaining to ‘plastics’ began to attract attention as interest in global climate change and
environmental pollution began to increase after the Paris Climate Agreement in 2015. In June 2019, the
World Wildlife Fund and the University of Newecastle in Australia announced the results of the
‘Evaluation of the human intake of plastics’. After 2021, food safety and sustainability emerged as
major issues. This interest continued in 2022, with countries around the world and international
environmental organizations recognizing the seriousness of the environmental pollution problem. As

media reports focused on the issue, keywords related to plastic consumption were also prominent.
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4. Conclusions

We investigated global seafood issues and emerging issues from 2019 to 2022 based on a text mining
approach. In order to draw emerging issues, DTW was used, and the derived keywords were identified
through a growth model. Through this analysis process, we were able to uncover some pressing issues.
This study can be considered to have contributed to a variety of areas.

Previous studies have considered issues in the seafood industry based on the judgments of some
researchers and the media. However, this study is meaningful in that it derived issues based on data
rather than researchers' judgment. Results such as these help identify which issues were central to each
year. In addition, for preemptive policy responses, emerging issues that have recently begun to attract
attention and are likely to receive attention in the future have been identified to help policy makers
make decisions. In particular, it was found that policy responses were needed considering high interest
in food safety, coexistence with the changing natural environment, preparation of countermeasures for
trade disputes, and improvement of the value of marine products in consideration of nutritional
components.

This study also intends to provide examples for preparing responses to issues that will draw attention.
First, it is necessary to establish a sustainable seafood supply system that considers consumer demand
and to increase the value of seafood. For example, food safety standards will be advanced and refined.
Therefore, it is necessary to establish a seafood supply chain that can be traced as well as a sanitary and
safety management system throughout the supply chain. Also, now when interest in the consumption of
seafood is increasing, it may be beneficial to promote the nutritional components of aquatic products
and to increase its value by informing recipes and so on. Second, it is crucial to prepare a plan for
coexistence in response to changes in the environment. Climate change may have a negative impact on
the production of fishery products through fishing in the future. As a result, countries around the world
are making efforts to reduce carbon emissions to preemptively respond to climate change. In parallel
with these preemptive efforts, however, each country must also emphasize fostering the aquaculture
industry to secure its own fisheries self-sufficiency. In addition, it is necessary to prepare a plan to
coexist with such climate change. The interest in food technology and the like can be seen to coincide
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with this trend. Third, a review of the recent trade conflict is required. Trade conflicts between specific
countries are exacerbated by countries with high trade dependence on the country, which results in a
decrease in the social welfare of the country. Also, efforts to diversify trading countries and to establish
a systematic risk management process in consideration of uncertainty in the global economy due to
trade conflicts are required.

This study is significant in that it shows results with high external validity by drawing on a large amount
of DB. However, in the process of utilizing a large amount of DB, the main language used may be limited
to English. To understand the detailed market situation of each country, it is necessary to reflect on the
relevant languages, focusing on the DB of that country. However, even in this process, if data from a specific
media are used, the results may depend on the media's reporting. In order to do so, a model must be developed
to select the major DB source for each country and comprehensively reflect it. Also, this study tried to
discover the S-curve pattern by paying attention to Molitor's theory supported by major scholars for the
analysis of emerging issues. As a result, we were able to classify issues that were not mentioned as single
keywords among keywords that have recently become a hot topic. However, there is a limitation in that the
qualitative interpretation of experts is not reflected because the results are derived from a quantitative
evaluation. Finally, this study identified issues in the seafood sector. It is expected that future research will
be able to pinpoint issues by further subdividing areas of interest. For example, fields such as Processed
Seafood or Seafood Trade can be identified and categorized. In addition, if a model is built for each item of

interest, it is expected to be developed as a more practical model.
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Essay 3

Determinants of global seafood exports’ competitive advantage

based on Porter’s diamond model

Abstract

Since globalization, many countries have striven to gain a competitive advantage in the international
seafood export market. This study employs Porter’s diamond model, a comprehensive and systematic
national evaluation model, to analyze the determinants of competitive advantage in the global seafood
export market. This study analyzes the determinants of seafood export competitive advantage across
five countries with a similar seafood export structure as Korea, from the period of 2000 to 2017. While
several diverse determinants have been shown to impact the competitive advantage of seafood exports,
efficiency in the form of upscaling fishing boats has a greater influence on seafood export
competitiveness than technologically advanced factors. Additionally, it was found that along with the
inflow of labor into the fishery industry, the quality improvement of products through the growth of the
domestic consumption market and environmental improvement of related industries are also important.
Finally, a key characteristic of the seafood export industry is that the government’s role is pivotal. The
government needs to consider diversifying trading partners and efforts to prevent the country from

becoming one that violates the regulations for illegal, unreported, and unregulated (IUU) fishing.

Keywords: Seafood export; Export competitiveness; Diamond model; Panel regression; Government policies;

Unregulated fishing

1. Introduction

Since the inception of the World Trade Organization (WTO) in the late 1990s to the free trade
agreements (FTA) and the recent multilateral trade agreements, such as Comprehensive and Progressive
Agreement for Trans-Pacific Partnership (CPTPP), the global seafood industry has transformed into an
environment completely different from its past. Previously, seafood activities were conducted from the
perspective that production and consumption were domestic in a closed trade environment, and thus,
prices were established. Now that the market is open, countries compete in the global seafood trade

market in various respects, such as quality and price. Thus, competitiveness is significant.
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Korea is making efforts toward promoting seafood exports to achieve stability in fisheries’ incomes,
to improve the national image, enhance the quality of domestic seafood and market defense, and
transform seafood into a future growth industry. However, Korea's market share has declined from 2.0%
in 2000 to 1.2% in 2018; therefore, significant effort is required to improve export competitiveness.
Specifically, to gain a competitive advantage in the global seafood export market, it is necessary to
review the major factors that can enhance the competitiveness within it. This is because it is necessary
to establish policy priorities by considering competitiveness determinants.

Most studies on global seafood export competitive advantage have focused on comparative
advantage index analyses based on certain goods (Navghan and Kumar, 2017; Saricoban and Kaya,
2017) or on a survey within a country (Nguyen and Khoa, 2020). However, analyses of these indicators
and surveys have the following limitations: Comparative advantage indices, such as revealed
comparative advantages (RCA) based on Ricardo’s theory of comparative advantage, exhibit
disadvantages: It is difficult to systematically find factors that affect export competitiveness. In addition,
a competitiveness analysis through a survey within a specific country has the advantage of reflecting
the country’s situation, such that the internal validity of the research results may be high, but the external
validity is minimal because comparing the same with other nations is difficult (Devroe and Wauters,
2019; Mutz, 2011). Moreover, the effects of specific policies on the seafood export competitiveness
index has been addressed (Oktavilia et al., 2019). However, the factors affecting seafood exports’
competitive advantage have not been comprehensively and systematically evaluated.

To identify the factors that determine competitive advantage in seafood exports, a comprehensive
and systematic approach is required to analyze international competitiveness. For this purpose, Porter's
diamond model can be used as a representative national competitiveness evaluation model (Porter, 1990;
Vlados, 2019). Some agri-food studies have used Porter's diamond model to analyze a country’s
competitiveness. Wijnands et al. (2015) used it to assess national and food chain competitiveness among
the EU’s eastern neighbors. Huo et al. (2020) used its framework to understand the comparative
advantage of emerging markets in agricultural exports. However, these studies do not examine whether

these factors actually affect export competitiveness, as all factors are assumed to determine international
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competitiveness. Moreover, Sagheer et al. (2007) attempted to assess India and Thailand’s shrimp
industries, using Porter’s diamond model. However, the scope of their paper is limited to a preliminary
understanding of the competitiveness of India and Thailand’s shrimp export sectors in the context of
their national environments.

To overcome these studies’ limitations, the current study uses the diamond model to systematically
establish the determinants of global seafood export competitive advantage and to review the aspects
considered to improve the fundamental competitiveness of seafood exports. This study particularly aims
to uncover the factors that determine the competitive advantage of seafood exports, focusing on Korea
and other competing countries in terms of exports. This is because efforts can be made to not only
discover the causes of differences in competitiveness in the global export market, centering on major
competitor countries, but also to improve them. The study’s novelty lies in providing a comprehensive

and systematic approach to uncovering and analyzing the relevant determinants.

1.1. Theoretical background

The theory of competitiveness and competitive determinants has been examined in international
trade and economics (Fang et al., 2018; Siudek and Zawojska, 2014; Yoon and Kim, 2015;). The
classical approach is represented by Adam Smith’s theory of absolute advantages, David Ricardo’s
concept of comparative advantage, and Eli Heckcher and Bertil Ohlin’s natural resource abundance
theory, which is known as the Heckscher-Ohlin trade theory (Siudek and Zawojska, 2014). In the
classical approach, a nation is competitive when it has an absolute or comparative advantage to produce
goods or services based on the abundance of its natural resources. The neoclassical approach introduces
the importance of company’s strategic factors such as effective(workable) competition theory by John
M. Clark which emphasizes company’s innovations drive competitive advantage, marketing behavior
theory by Wroe Alderson which defines six potential marketing sources to enhance competitive
advantage, and Joseph A. Schumpeter’s evolutionary economics which points out constant adjustment
to changing environments is crucial factor (Siudek and Zawojska, 2014).

Subsequently, several theories and studies have continued to contribute to defining national
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competitiveness, and many factors, including technology, management ability, and marketing strategy,
were considered determinants of competitive advantage. Various theories, including economies of scale,
technology gap theory, and product life cycle theory, have been proposed to explain an industry’s or
nation's competitiveness and trade structure, but are insufficient to explain its competitiveness,
considering they cannot clearly explain why certain firms in particular nations choose better strategies
and how the nation plays a role as the home base for the successful global competitiveness of certain
firms (Porter, 1990).

Michael Porter introduced the diamond theory that reflects macroeconomic and microeconomic
aspects, and considers possible change across the external environment and strategic aspects. Moreover,
Porter argues that in a changing environment, the importance of the element itself becomes weaker and
that the ability to efficiently utilize elements and create a positive business environment is important
(Moon et al., 1995), unlike the traditional theory that maintains that comparative advantage is
determined according to endowment resources. This is because innovation occurs in an environment
where natural resources are scarce, and innovation highlights a nation’s competitive advantage (Porter,
1990). The current study, based on Porter’s views, intends to comprehensively and systematically

examine the factors that improve the competitiveness of seafood exports.

1.2. Diamond model

In a diamond model, four components are described as determinants of the competitive advantage
of nations: factor condition; demand condition; related and supporting industries; firm strategy,
structure, and rivalry. These factors interact and affect national competitiveness, while government and
opportunity function as exogenous variables that indirectly influence competitiveness.

The factor condition refers to the related industry’s overall production base and can be described as
human resources (quantity, skills, cost), physical resources (land, geographic location, natural resources,
climate condition), knowledge resources (research institute, scientific institute), and infrastructure
(Harzing and Giroud, 2014; Porter, 1990). Demand condition is the domestic demand for a specific

industry and considers that the larger the demand, the speedier domestic companies’ innovation to gain
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competitive advantage in the export sector (Kharub and Sharma, 2017). Related and supporting
industries measure the existence and competitiveness of related and supporting industries; the higher
the competitiveness of an industry that shares and cooperates with the its industry-specific value chain’s
activities, the higher the synergy, thereby increasing competitiveness. Firm strategy, structure, and
rivalry reflect the characteristics of competition and the environment in which companies are created,
organized, and managed (Porter, 1990). Government is an exogenous variable that affects the four
determinants. Moreover, government policies or regulations, including capital policy, diplomatic policy,
and business regulation, affect business performance (Eniola and Entebang, 2015).

In this study, the basic determinants of the diamond model are considered, and the factors are
constructed by simultaneously reflecting the characteristics of the fishery industry. In particular,
analysis is carried out per scenario to consider the detailed characteristics of the fishery industry.
Scenario 1 considers the basic determinants based on the diamond model, Scenario 2 considers types
of fishery industry such as capture fisheries and aquaculture, and Scenario 3 considers more specific

determinants. The following describes the composition of variables for each condition.

1.2.1 Factor condition

Although factor conditions are described as land, labor, and capital, in economics, Porter (1990)
argues that these categories are too general to determine an industry's competitive advantage and that
additional categories need to be assigned. The current study details further factor conditions into three
categories, using knowledge from previous studies (Huo et al., 2020; Kharub and Sharma, 2017;
Wijnands et al., 2015; Zhao, 2018). These are physical resources (volume of seafood production),
human resources (number of laborers in the seafood industry), and intellectual resources (number of
patents in the seafood industry). In addition, to analyze detailed factor conditions, the current study
considers types of fisheries, such as capture fisheries and aquaculture for Scenario 2. In Scenario 3,

specific factors, such as processing patents are addressed.
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1.2.2. Demand condition

In Porter’s (1990) framework of analysis, demand conditions of the domestic market played an
important role in determining a country’s competitive advantage. Demand in the domestic market
determines how domestic companies perceive, interpret, and respond to buyer preferences; is less
susceptible to fluctuations occurring in external markets, providing a stable basis for businesses to focus
on; and reduces the risk of stimulating investment. Therefore, Porter determined consumer preferences
and the quality and variety of goods they prefer as subcategories of demand conditions.

The current study details demand conditions into two categories based on previous studies (Huo et
al., 2020; Wijnands et al., 2015; Zhao, 2018). These are demand size (volume of seafood consumption)
and sophistication (GDP per capita and level of education). Since Porter (1990) argued that the
sophistication of a country's consumer market leads to the qualitative development of products and aids
in growth, this study also uses an index that considers the consumer market’s sophistication. However,
strictly evaluating the competence of consumers by country poses limitations. Therefore, GDP per
capita and education level were used as proxy variables to represent the level of consumer competence

(Wijnands et al., 2015; Zhao, 2018).

1.2.3. Related and supporting industries

When related and supporting industries are internationally competitive, advantages may be created
by delivering the most cost-effective inputs in an efficient, early, rapid, and sometimes preferential way,
thereby facilitating the flow of information and technology exchange (Porter, 1990). In this study,
related and supporting industries were divided into supplier industries and related industries, as in
Wijnands et al. (2015). The supplier industry refers to the equipment industry (value of feed and net
exports), and the related industry refers to the logistics environment (sea trading volume) and
communication (information and communication technology). In Wijnands et al. (2015), global logistic
index and communication aspect were used as related industries in the vein of Porter’s suggestion. In
this context, this study uses sea trading volume and communication level of individual countries as the

same variables.
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1.2.4. Firm strategy, structure, and rivalry

In this study, firm strategy, structure, and rivalry were divided into overseas competition and
domestic competition, as in Wijnands et al. (2015), and the productivity suggested by Porter (1990) was
used for overseas competition. Although the aquaculture industry is developing, the level of upscaling
fishing boats (tonnage of fishing boat/number of fishing boat) is used as a major variable to represent
productivity, considering the importance of capture fisheries. For domestic competition, seafood price
data were used in a previous study (Wijnands et al., 2015), where the seafood price represents the
relative price (unit export price of aquatic products/unit price of import of aquatic products) for each
country, and the export price is lower than the import price. In this study, the relative price index was
used in consideration of the market share by category to prevent distortion of the price index due to the

price deviation of each item®?.

1.2.5. Government and culture

In the diamond model, government is an exogenous, though crucial, variable that can affect all four
determinants (Harzing and Giroud, 2014; Porter, 1990). Considering the importance of the government,
researchers have studied factors such as government efficiency, regulatory quality, national
development strategy, and market mechanism development strategy to consider the importance of
government policies and regulations as they affect determinants and the overall industrial environment
(Wijnands et al., 2015; Zhao, 2018).

As governments’ intervention intensifies in response to changes in the trade environment, such as
trade wars and a pandemic, the impact of government policies is growing. In this context, this study

considers trade environment variables in which the government can contribute. Considering that free

L 1f p is the import price of a specific country to Korea, P is the import price to the
world, P;; is the import price corresponding to the HS code i , and w; is the weight of the
HS code i (the proportion of imports volume at the base point), the import price index P,
can be arranged in the following way.

N
Priq Pri; P11<3
Ppp=—w+—w, +—w ZPRW, Zw-=1
Pior ' Pigz © Pz o -
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trade agreements (FTAs) cause changes in international trade structure and volume (Baier and
Bergstrand, 2007; Korinek and Melatos, 2009), in this study, trade environment variables are defined
as the number of countries that concluded trade agreements, including FTAs. In addition, considering
the increasing interest in sustainability in the seafood industry (Charles, 1994), the designation as an
illegal, unreported, and unregulated (IUU) fishing country, which is expected to have a significant

impact on the export industry, is used as a variable.

2. Materials and Methods

2.1. Materials

This study has several variables for each determinant in the analysis. First, for the physical resources
of the factor conditions, the variables of total seafood production, production (catch), and production
(aquaculture) were used with the Food and Agriculture Organization (FAO) data. For the human
resources factor, the variables of total population, population (catch), and population (aquaculture) were
used with reference to the Organization for Economic Co-operation and Development (OECD)
employment data. Utilizing the knowledge resources, which is the last factor of the factor condition,
the technology variable, which includes catching, aquaculture and processing, and each variable under
catching, aquaculture, processing were used in tandem with OECD fisheries’ technology development
data. For the demand condition, FAO data were used for the demand size of seafood consumption,
World Bank data for gross domestic product (GDP) per capita, and Human Development Report (United
Nations Development Program; HDR [UNDP]) data for education. In related and supporting industries,
UN Comtrade data were used to measure supplier industries such as fishery equipment exports, feed
exports, and net exports in related and supporting industries. Shipping intelligence network data was
used for the logistics and World Bank data for communication. For firm strategy, structure, and rivalry,
OECD fishing fleet data were used to measure fishing boat sales for foreign competition, and UN
Comtrade data were used to measure domestic rivalry for the relative price index. For the last
determinant, the government, Trade Navi data was used to measure trade negotiations and [IUU Watch

data to measure I[UU (dummy).
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2.2. Method

2.2.1. Panel unit root test
Testing time-series data for stationarity is particularly important before the analysis. A non-stationary
time series has a unit root, and in this case, even if there is no correlation between variables, a spurious
regression problem in which the statistical significance of the model is high can be caused. In this study,
Shin and Lee’s (2003) approach, which is used for the unit root test, was used. The test has the advantage
of being able to analyze not only numerous panels and data within a short period, but a small number

of panels and data over a long period, as in this study.

2.2.2. Likelihood-ratio test

This study employed the likelihood-ratio (LR) test to examine the assumption of heteroscedasticity.
Heteroscedasticity occurs when the variance of unobserved errors is not constant, according to the
independent variable. It is often a by-product of other violations of assumptions, and the panel-level

heteroscedasticity is diagnosed using the LR test for heteroscedasticity for panel-level

heteroscedasticity (Shrivastav and Kalsie, 2016). The Value(mI‘H) of the log-likelihood function of

the restrictive model assumes that the variance of the error term is not different and is the same for each

panel group, whereas the value( IHI‘A’J?) of the log-likelihood function of the unrestrictive model
assumes that the variance of the error term is different for each panel group.

The LR test statistic calculates the value of the log-likelihood function after estimating the individual
model, and this LR test statistic follows the chi-square distribution and uses the number of parameters

of the restrictive model as the degree of freedom. The simplest testing problem assumes that the data

Y are generated by a joint density function f(y, 8*0) under the null hypothesis and by f(y.,0) with
0 € R"k as the alternative. This is a test of a simple null against a composite alternative. The log-

likelihood is defined (Shrivastav and Kalsie, 2016) as follows:
L(6,y)=log4(y,6),

which is maximized at a value 8" satisfying:
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dL/06((6,)" y) =0

The LR method compares the two hypotheses directly on an equal basis, and under general
conditions, the statistics could have a limited x*2 distribution under the null. The LR test is based on
the difference between the maximum value of likelihood in the null hypothesis and the maximum
likelihood value in the alternative hypothesis.

As a result of the analysis, if the p-value is less than 0.05, it is determined whether to reject the
homoscedasticity of the error term, which is the null hypothesis of the LR test, at a significance level
of 5%. The LR test statistic is calculated as follows:

LR = =2[ L(6"0,y) — (8,)" y)]
2.2.3. Panel autocorrelation test

Autocorrelation is a common problem across regression analyses using time-series data and refers
to a case in which the error terms of the data have a correlation. To estimate the correct result value of
the model, an autocorrelation test is important. For the autocorrelation, tests such as Wooldridge’s (2002)
can be used, and in this study, the variables before the first differencing were used.

Autocorrelation occurs when the error terms for the different independent variables are correlated.
Moreover, autocorrelation in the panel data model biases the standard error and causes the results to be
less efficient. To detect this correlation, Wooldridge (2002) devised the Woolridge Serial Correlation
Test. The method uses the residuals from a regression in first differences, and differencing the data from
the panel data regression model removes terms based on time-invariant covariates and constants where
A is the first-difference operator (Shrivastav and Kalsie, 2016).

yit—[ y)] (it—1)=X_.it— X (it—1)) .1 + e (it )— e (it—1)
Ay it = AX_it B_1+ Ae_(it )

The first step as per Wooldridge’s (2002) method is to estimate B: the parameters by regressing
Ay_it on AX_it and obtaining the residuals Ae_(it ) . If e_(it ) are not correlated,
Corr(Ae_(it ),Ae_(it —1) ) = —0.5. Given this observation, it regresses the residuals &_(it )from
the regression with first-differenced variables on their lags and tests that the coefficient on the lagged

residuals is equal to -0.5 (Shrivastav and Kalsie, 2016).
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2.2.4. Panel regression
2.2.4.1. Pooled OLS
In the simple regression model, ordinary least squares (OLS) and maximum likelihood estimation
(MLE) are generally used to estimate the regression coefficient. OLS is a method used to minimize the
residual sum of squares (RSS) of the regression equation. In other words, the regression coefficient
value is obtained by minimizing the residual between the actual observed and predicted values by the
model. The OLS model requires several basic assumptions. First, the expected value of the error was
zero. Second, the variance of the error term should have homoscedasticity. In other words, the variance
of the error term should not change depending on the panel object and time. Third, the error term of the
panel object should not be correlated with each other, and at the same time, there should be no
correlation between the error terms at different times of one object. There should be no long-term
correlation within any panel group, which is a correlation between different time points. Finally, there
should be no correlation between the error term and the main explanatory variable, which is also called
the assumption of endogeneity. The OLS assumption is very important, and when the assumption is
violated, the OLS estimator cannot be the best linear unbiased estimator (BLUE). When panel data are
used as in this study, there may be heteroscedasticity or autocorrelation in the error term because it has

concurrent cross-sectional data and time-series data characteristics concurrent.

2.2.4.2. Feasible generalized least square

Feasible generalized least square (FGLS) is a technique used to estimate the unknown parameters in
a linear regression model. FGLS is applied when the variances of the observations are unequal
(heteroscedasticity) or when there is a certain degree of correlation between the observations. FGLS
allows estimations in the presence of first-order autocorrelation within panels.
Market Share;; = Bo+ [i1Seafood Production;; + B,Population; + [s3Tech;;
+f,Seafood consumption;; + [5GDP per capita;, + PBgEducation;
+ B,Fishery equipment export; + fglogisticsit+ foCommunication;,

+ BioFishing boat sacle;; + Pq1Relative price index;
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+p1,Trade negotiation;; + B131UU; + Wi

As per the data of this study, heterogeneous variance exists, but there is no autocorrelation, so an
appropriate FGLS analysis was conducted. As the factors composed of various units are used as
independent variables, they took the log difference on all variables except for variables such as percent
variable (Market Share, Education, Communication) and dummy variable (IUU). Percent variables

were only differenced

3. Results

3.1. Basic statistics

Descriptive statistics of all variables are included in Table 1 for a total of five competing countries
from 2000 to 20172, Competing countries, including Korea, were determined using the Export
Similarity Index (ESI)®. Spain, Thailand, China, and Japan are major competitors. In addition, this
study divided scenarios to consider the characteristics of the fishery sector in detail. Scenario 1 is based
on the basic structure of the diamond model. Scenario 2 reflects the characteristics of fishing and
aquaculture, and Scenario 3 considers more specific factors such as processing and detailed equipment
industry. For each variable, the mean, minimum, and maximum values were reported by table 1. A
market shares of 0.05 means that the average market share of the competing countries is 5% in the world

seafood market.

12 Tech variables are limited from 2000 to 2015 and Fishing boat scale variable are only provided from 2003 to 2015
in China and Thailand.
13 The result of ESI is presented in the appendix.
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Table 1 Basic Statistics

Basic Statistics

Determinant Factor Measurement Unit Scena )
ro Min Max Avg
Competitiveness Market Share % All 0.01 0.15 0.05
Seafood Production Million T 1 11 80.00 14.83
Physical Seafood Production (Catch) Million T 2 0.81 17.00 4.86
Resources
Seafood Production (Aqua) Million T 2 0.22 64.00 9.95
Population Million N 1 0.03 15.00 2.93
Factor Human Resources Population (Catch) Million N 2 0.02 9.30 1.90
Condition
Population (Aqua) Million N 2 0.01 5.30 1.03
Tech N 1 0 858 163
Knowledge Tech (Harvest) N 2 0 248 49
Resources Tech (Aqua) N 2 0 275 49
Tech (Processing) N 3 0 339 66
Demand Size Seafood Consumption Million T 1 1.60 55.00 11.15
Demand GDP per capita $ 1 959 48,603 19,120
Condition S
Sophistication
Education % 1 0.48 0.87 0.72
Fishery Equipment Export Million $ 1 52.00 1,700.00 324.51
Supplier Industries Feed Export Million $ 3 9.20 1,100.00 209.72
Related and
Supporting Net Export Million $ 3 20.00 700.00 115.40
Industries
Logistics Million TEU 1 2.20 170.00 27.76
Related Industries
Communication % 1 0.03 0.95 0.51
Firm Foreign .
Strategy, Competition Fishing Boat Scale Index 1 1.32 3.70 2.48
Structure, and
Rivalry Domestic Rivalry Relative Price Index Index 1 0.64 2.86 1.35
New trade Negotiation N 1 0.00 9.00 1.71
Trade
Government Environment
IUU (Dummy) N 1 0.00 1.00 0.07

Note: The seafood products analyzed in this study for MS were limited to HS code 03.

The country trend by major variable is illustrated in Figure 1. Generally, over the past years, China’s
fishery sector indicators appear to be growing, while Thailand’s is not doing well. Korea, Japan, and

Spain do not show significant changes.
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Fig. 1. Trends of Key Variables

All variables are standardized values excluding ITUU (dummy variable). It means following a distribution
with a mean of 0 and a standard deviation of 1.

3.2. Panel unit root test

Many economic time series exhibit trending behavior or non-stationarity in the mean. If the data are

trending, some form of trend removal is required. This study incorporated a test for unit roots (or

stationarity) in a panel dataset, such as that by Shin and Lee (2003). Most of independent variables have

unit roots, except for new trade negotiations (the number of additional trade partners) and I[UU (dummy).

To remove unit roots, the log difference for most variables was taken, except for education (%),

communication (%) and IUU (dummy variable). The percentage variables, such as education and
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communication were differenced. In other words, the effect of the growth rate of the independent

variables on market share except for [UU was investigated.

3.3. Specification test (Panel LR test, panel autocorrelation test)

Since panel data holds the characteristics of being cross-sectional and a time series, there is a
possibility that heteroscedasticity or autocorrelation exists in the error term, and these problems may
affect the standard error of the OLS estimator, resulting in inefficient estimator derivation. The
likelihood-ratio test to test panel-level heteroscedasticity was employed, and the results confirmed the

presence of heteroscedasticity, as shown in Table 2.

Table 2 Likelihood-Ratio Test for Panel-Level Heteroscedasticity

LR chi2 (4) = 136.44
Prob > chi2 = 0.0000

Testing for autocorrelation was performed using the Wooldridge test for serial correlation [26]. The
data before the difference was used for the autocorrelation test. The results of the Wooldridge test (Table

3) showed first-order autocorrelation in the models. Table 3 presents the results of the autocorrelation

test. If there is a first-order autocorrelation in ef., there is no autocorrelation in A®. This means that
autocorrelation need not be considered in this study because it uses the first-difference variable. In

summary, the panel data in this study exhibit heterogeneity, but no autocorrelation.

Table 3 Wooldridge Test for Autocorrelation in Panel Data

F (1, 4) =22.586
Prob > F =0.009

3.4. Panel regression (Pooled OLS, FGLYS)

We present the pooled OLS and FGLS results in this study. However, attention is focused on the
FGLS results because the study confirmed through the LM test that there is heteroscedasticity in the

data. The FGLS method is useful to obtain an efficient estimator that solves the problem of
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heteroscedasticity of error terms in the pooled OLS model.

The results of the regression analysis using MS as a country’s competitiveness measure are indicated
in Table 4. Based on the significance level of 5% of the FGLS results for Scenario 1, the factors that
determine competitive advantage are population (factor condition), logistics (related and supporting
industries), fishing boat scale (firm strategy, structure, and rivalry), and new trade negotiation
(government). For Scenarios 2 and 3, the population of capture fisheries (factor condition), consumption
(demand condition), logistics (related and supporting industries), fishing boat scale (firm strategy,
structure, and rivalry), and new trade negotiation (government) are the main determinants of
competitive advantage. If considering a significance level of 10% of the FGLS results, Tech harvest
(Factor condition) and an IUU variable (Government) can be added. However, these two variables were
analyzed to negatively affect the competitiveness of seafood exports.

This result means that in the case of the seafood export industry, the determinants of Porter's diamond
model affect export competitiveness in various ways. Nevertheless, the results emphasize that the scale
of fishing boats considerably affects the competitiveness of global seafood exports. A 1% increase in
catch per boat could increase the global market share from 0.24% to 0.37%. Further, if 1% of labor
flows into capture fisheries, the market share increases from 0.19% to 0.2%. This indicates the need to
upscale and revitalize the capture fisheries sector. Through Scenarios 2 and 3, the growth of the
domestic seafood consumption market was found to be related to export competitiveness, confirming
the importance of quality improvement emphasized in Porter’s theory. In addition, efforts to revitalize
related industries and additional trade negotiations have been found to have a positive effect on export
competitiveness. In contrast, the experience on designation of IUU fishery was analyzed to have a

negative effect on export competitiveness under the 10% significance level.
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Table 4 Estimation of Parameters by Country According to the Logistic Model

VARIABLES OLS = FGLS OLS = FGLS OLS = FGLS
D.Inproduction -0.0923 -0.0854
(0.107) (0.0729)
D.Inprod catch -0.114 -0.0651 -0.131 -0.0841
(0.0851) (0.0546) (0.0956) (0.0581)
D.Inprod aqua -0.0455 -0.0501 -0.0355 -0.0368
(0.0555) (0.0365) (0.0606) (0.0394)
D.Inpopulation 0.192%* 0.138%*
(0.0917) (0.0643)
D.Inpop_catch 0.217%* 0.186%*** 0.214%%* 0.198***
Factor (0.0841) (0.0591) (0.0878) (0.0598)
Condition D.Inpop aqua 0.0290 0.0228 0.0253 0.0187
(0.0476) (0.0294)
D.Intech -0.0129 -0.0131
(0.0122) (0.0104)
D.Intech harvest -0.00541 -0.0121* -0.00406 -0.0123*
(0.00888)  (0.00710)  (0.00978)  (0.00750)
D.Intech aqua -0.0153 -0.00635 -0.0164 -0.00701
(0.0113)  (0.00620)  (0.0118)  (0.00629)
D.Intech process -0.00267 -0.000156
(0.00763)  (0.00513)
D.Inconsumption 0.138 0.109 0.346%* 0.199%* 0.373%* 0.228%%*
(0.142) (0.0918) (0.139) (0.0824) (0.149) (0.0922)
Demand D.InGDP per 0.104 0.0240 0.00253 -0.0154 -0.00895 -0.0398
Condition (0.0626) (0.0389) (0.0662) (0.0342) (0.0748) (0.0420)
D.Education -0.0207 0.334 0.505 0.638 0.435 0.492
(0.713) (0.499) (0.864) (0.500) (0.913) (0.523)
D.Infishery_equipment  -0.0143 0.00442 -0.0159 0.00690
(0.0446) (0.0343) (0.0453) (0.0307)
D.Infeed -0.0147 0.000804
Related and (0.0282)  (0.0183)
Supporting
Industrics D.Innet 0.0211 0.0366
(0.0624) (0.0379)
D.Inlogistics 0.127 0.111%* 0.192%%* 0.158%** 0.182* 0.164%**
(0.0868) (0.0565) (0.0853) (0.0499) (0.0919) (0.0554)
D.communication -0.0617 0.0403 -0.0215 0.0706 -0.0228 0.0666
(0.138) (0.0814) (0.138) (0.0721) (0.143) (0.0734)
Firm D.Infishing boat scale 0.318%%* 0.236** 0.594%** 0.362%** 0.590*** 0.366%**
Strategy, (0.140) (0.113) (0.166) (0.119) (0.168) (0.116)
Structure D.Inrelative price 0.0232 0.0142 0.0361 0.0171 0.0354 0.0152
and Rivalry (0.0315)  (0.0202)  (0.0342)  (0.0181)  (0.0352)  (0.0197)
Government  New trade negotiation 0.00594%** 0.00455**  0.00751***  0.00661***  0.00723**  0.00680%**
(0.00271)  (0.00192)  (0.00270)  (0.00184)  (0.00280)  (0.00183)
IUu -0.0407* -0.0237 -0.0352 -0.0264* -0.0341 -0.0265*
(0.0223) (0.0154) (0.0211) (0.0137) (0.0217) (0.0137)
Constant 0.0227** 0.0105 0.0121 0.00568 0.0126 0.00528
(0.0110)  (0.00733)  (0.0115)  (0.00664)  (0.0120)  (0.00672)
Observations 61 61 57 57 57 57
R-squared 0.468 0.605 0.609
Notes: 1. *, ** and *** denote significance at 10%, 5%, and 1% levels, respectively
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4. Conclusions

This study investigates the determinants of global seafood export competitive advantage based on
Porter’s diamond model. In order to gain a competitive advantage in the global seafood export industry,
various factors should be considered, and among them, efficiency such as scaling up fishing boats
should be considered first. This is consistent with Porter’s theory that the ability to efficiently utilize
elements and create a positive business environment is important (Moon et al., 1995).

According to the analysis results for each determinant of the diamond model, the factor that
determines the competitive advantage in factor condition is the influx of population from the seafood
industry. The structure in which labor can flow into a specific industry means that there is an incentive
for the industry, which can provide a major impetus to enhance the industry’s competitiveness. Recently,
many countries have faced difficulties in attracting labor due to wage increases, but if an environment
in which labor can flow is not created, export competitiveness may be lost. In particular, it is necessary
to create a structure that can lead to an influx of labor into the capture fisheries.

The factor that determines the competitive advantage in demand condition is the growth of domestic
seafood consumption. The growth of the domestic consumer market leads to an improvement in its
product quality. Product development in response to changes in flexible consumption trends can be a
differentiating factor, and this eventually leads to an improvement in competitiveness in the seafood
export market.

Among the factors in related and supporting industries, the factor that determines the competitive
advantage in seafood exports is the growth of logistics. The environment of related industries affects
competitiveness in the seafood export market. The importance of the logistics environment can be fully
understood through the recent logistical paralysis due to the COVID-19 pandemic.

In the case of firm strategy, structure, and rivalry, it is considered that the scaling up of fishing boat
is essential for the sustainable growth of the seafood export industry. This is because the degree of scale-
up of fishing boats is closely related to the efficiency of fishing boats, and modernized fishing boats in
the process of scaling up can affect the inflow of the fishing population.

The factor that determines the competitive advantage in government is the number of new trade
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negotiations and experience of IUU fishing. New trade negotiations play a pivotal role in reducing
tariffs and diversifying markets. In particular, the friction between countries around the world, including
the US-China trade conflict, is increasing. It is important to reduce market risk through market
diversification, such as the RCEP and the CPTPP. However, it should be considered at the same time
that competition regarding imported seafood may occur in the process of market diversification. As an
IUU fishery designation has a negative impact on the competitiveness of seafood exports, it is necessary
to approach the designation of IUU fisheries with caution. In this process in Thailand, it also went
through difficult times, requiring efforts to reorganize the fishery industry.

The novelty and main contribution of the current study lies in revealing the determinants of
competitive advantage in the export of seafood comprehensively and systematically. Especially in the
seafood export industry, “efficiency” still has a greater impact on seafood export competitiveness than
technological advancement factors do. It is also important to improve product quality through the
growth of the domestic consumer market. Another key consideration in the seafood export industry is
the role of the government. The government needs to consider the diversification of trading partners
and efforts to prevent the country from becoming an [UU violating country.

However, despite the novelty of the adopted approach, there are a few limitations that merit
consideration for future research. First, the study could not target several countries globally because it
was directed at countries with a similar export structure than Korea’s. Second, as only commonly
applicable variables were used, more specific variables could not be employed. It is expected that future

research will require a method to overcome these limitations.
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Appendix A. The results of ESI

2016 2017 2018 2019 2020 Avg
Spain 0.99 1.00 0.94 0.94 0.97 0.98
Thailand 0.96 0.92 0.83 0.76 0.76 0.85
Indonesia 0.65 0.66 0.65 0.69 0.64 0.66
China 0.64 0.60 0.62 0.60 0.62 0.64
Taiwan Province of China 0.64 0.60 0.62 0.60 0.62 0.64
France 0.68 0.65 0.57 0.59 0.58 0.62
EU 0.53 0.53 0.55 0.54 0.51 0.54
Italy 0.55 0.51 0.50 0.49 0.55 0.53
Australia 0.56 0.48 0.44 0.51 0.55 0.53
Japan 0.38 0.45 0.49 0.47 0.57 0.48
United States of America 0.40 0.42 0.37 0.39 0.39 0.43
Brazil 0.43 0.50 0.40 0.38 0.33 0.42
China, Hong Kong SAR 0.44 0.38 0.39 0.33 0.38 0.41
Russian Federation 0.26 0.28 0.33 0.41 0.40 0.35
Canada 0.28 0.28 0.30 0.34 0.33 0.31
Malaysia 0.38 0.31 0.27 0.25 0.28 0.30
Chile 0.20 0.25 0.20 0.20 0.18 0.22
Argentina 0.17 0.19 0.13 0.12 0.12 0.21
Norway 0.15 0.16 0.20 0.22 0.21 0.19
Sweden 0.09 0.12 0.09 0.14 0.16 0.12

Note 1: Indonesia is excluded from the analysis as data for fishing fleet (tonnage) was not provided
Note 2: Japan has been selected as a competitor because the level of competition is rapidly increasing recently.
Source: Global Trade Atlas, Korea Trade Statistics promotion institute
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